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Abstract 
In this dissertation I describe the implementation and application of three spatially­
explicit, landscape-scale models designed to address specific aspects of Everglades restora­
tion. The first is a model of vegetation succession for the Everglades. The second is a fire 
model for the Everglades. The third is a model of the spread and optimal spatial control of 
an invasive, non-native plant. 
I developed the succession and fire models as part of the Across Trophic Level System 
Simulation (ATLSS ). These models are used to assess the relative effects of alternative 
hydrology scenarios on the distribution of vegetation and fires. In addition to the effect 
of hydrology, I also included the effects of fires and nutrients in the succession model. It 
is the first model to include the effects of multiple interacting environmental processes on 
landscape-scale patterns of vegetation succession. I based the fire model on a percolation 
process including the effects of hydrology, fire history and dynamic vegetation patterns. 
These two models are linked to each other and incorporate both direct and indirect effects of 
hydrology and feedbacks between fires and succession. The fire model is the first such model 
to be linked to a dynamic vegetation model. I present model results for three hydrology 
scenarios. Results indicate that the differences in the management of hydrology under these 
scenarios are small. I describe a sensitivity analysis of major fire model parameters and 
compare the fire model outputs to historical fire data. 
The third model addresses the optimal spatial control of the invasive fern, Lygodium mi­
crophyllum, in the Arthur R. Marshall Loxahatchee National Wildlife Refuge. The model is 
the first to examine the spatial optimal control of an invasive species at the landscape-scale. 
I applied a genetic algorithm to search for optimal treatment plans. I compare results of 
the optimization to a standard treatment approach for a range of budgets. Results from 
this model indicate that the genetic algorithm implemented is not capable of carrying out 
a landscape-scale optimization. However, results from the standard treatment approach 
provide insights into the potential funding levels required to control and eliminate L. mi­
crophyllum from Loxahatchee. 
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Chapter 1 
Introduction 
The restoration of the Florida Everglades is a large and important project that involves a 
range of complex issues. These issues include achieving a balance between the fresh water 
requirements of the people of south Florida and the natural ecosystem and mitigating the 
extensive changes made to the natural ecosystem over the past 100 years to allow a return 
to natural patterns and processes. From these general concerns arise a large number of more 
specific questions about the potential impacts of restoration efforts and the application of 
management practices to meet specific restoration goals. In this dissertation, I use com­
putational models to address two particular aspects of Everglades restoration: hydrologic 
restoration and the management of an invasive plant. 
The timing and distribution of fresh water across the Everglades landscape influence 
every aspect of the ecosystem [ 7 0]. Hydrologic patterns have been extensively changed by 
people as they have developed south Florida. Restoration efforts seek to undo many of the 
negative features associated with past interference with the system. However, the plant and 
animal populations and communities that make up the Everglades have changed in response 
to past interference, and their responses to restoration efforts are uncertain. 
The Everglades have also been changed by the introduction of many non-native plant 
species. Many of these have had a substantial negative impact on the Everglades [107 ] 
and are a significant impediment to restoration efforts [ 95]. Among these is Lygodium 
microphyllum, an invasive fern that has established populations throughout southern Florida 
[123]. The reproductive and growth characteristics of this species allow it to become the 
dominant species in an infested community, reducing the diversity of native plants and 
1 
altering the role of fires [7, 31). 
Modeling is an integral tool in addressing many of the issues and questions regarding 
the restoration of the Everglades. Models are used to develop and evaluate many of the 
projects associated with restoration efforts. Hydrology models have been applied extensively 
to evaluate the effects of changes to water control structures and management policies on the 
delivery of fresh water both to the natural ecosystem and for human uses [19). A broad range 
of ecological models have also been applied to evaluate the biological impacts of restoration 
(20, 21]. One of the primary goals of these models is to provide insight into the effects of 
alternative hydrologic restoration scenarios. 
In this dissertation, I report on three modeling projects that have been developed to 
support the Everglades restoration effort. Two of the models, a vegetation succession model 
and a fire model, were developed as part of the Across 'lrophic Level System Simulation 
(ATLSS) project. A principal goal of this project is to provide the capability for relative 
assessments of alternative restoration plans for multiple aspects of the Everglades ecosystem. 
The models described here extend the range of ecosystem responses included in ATLSS to 
include changes in the distribution of vegetation and fires across the landscape. The third 
model in this dissertation looks at the spread and control of Lygodium microphyllum in 
Arthur R. Marshall Loxahatchee National Wildlife Refuge. This model considers the use 
of optimal spatial control to identify treatment plans that minimize the distribution of L. 
microphyllum for a fixed treatment budget. 
The models described in this dissertation are all based on a spatially-explicit approach 
to simulating ecosystem dynamics. In each of these models, space is represented as a raster 
grid. Each cell in the grid represents a fixed area on the landscape. In the case of the 
succession and fire models, each cell represents a 500x500 meter plot of land. For the L. 
microphyllum model, each cell is a lxl km plot. Each model is then built to account for 
local processes that take place within or between cells. Landscape-scale patterns emerge 
from the action of the local processes. 
The diversity and size of the Everglades make a spatially-explicit approach to modeling 
important. Everglades communities include several distinct wet prairie communities, forest 
communities dominated by various temperate, sub-tropical, and tropical tree species, as well 
as both aquatic and marine communities. These communities have a patchy distribution 
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across the landscape and different communities have potentially different responses to hy­
drologic restoration. Many of the communities are widespread, such as sawgrass prairies, or 
have small representatives that are widely dispersed across the landscape, such as tree island 
communities. Natural and anthropogenic variation in important determinants of commu­
nity dynamics, such as hydrology, means that each community type will experience a range 
of conditions, resulting in different responses across the landscape. 
Even though the Everglades has been fragmented by canals, levees and roads, connec­
tivity between locations is still an important factor. For example, L. microphyllum can 
disperse spores over large distances from areas of high infestation [ 90]. A spatially-explicit 
approach allows the model to incorporate specific mechanisms to account for the interaction 
between locations. This approach provides a more direct mapping between the model and 
the ecological processes and patterns the model is designed to simulate. This also provides 
the capability to compare model results with geographic information. 
The models presented here are also similar in that they include detailed representations 
of specific, naturally-occurring spatial heterogeneity. For the succession model, this includes 
spatial variation in environmental factors driving succession, such as the distribution of hy­
drology. The spatial distribution of fresh water is based on output from the South Florida 
Water Management Model. This hydrologic model produces daily estimates of water depth 
for the freshwater components of the region, including the natural, urban and agricultural 
areas of south Florida. The data from this hydrologic model include the location of nu­
merous features, such as canals and levees, and the effects these structures have on the 
hydrologic patterns of the area. These data are further refined by an ATLSS model that 
produces hydrologic patterns which approximates the effect natural topographic variation 
at a 500x 500 meter resolution. The initialization of this model is based on data from the 
Florida Gap Analysis Project (Fl-GAP ) map [88, 8 9]. The Fl-GAP map is based on satellite 
imagery and approximates the natural spatial variation in the distribution of vegetation in 
Florida. The specific lan�scape structure in the fire model is similar to that in the suc­
cession model because of the close linkage between these models. In the L. microphyllum 
model, landscape structure is based on the number and size of tree islands based on satellite 
imagery [135 ]. In each case, the model dynamics are linked to spatial heterogeneity that 
reflects that occurring naturally across the landscape of south Florida. 
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Vegetation succession can be viewed as being either autogeneic or allogeneic, depending 
on whether the interactions among plant populations or interactions with the environment 
are the dominant factor. Many of the models developed to address succession tend to reflect 
this dichotomy by emphasizing one aspect or the other. Whether autogeneic or allogeneic 
succession is emphasized depends, in part, on the scale of the system being modeled. Several 
modeling studies addressed local-scale processes and tend to emphasize interactions among 
plants [ e.g. 13, 42, 116] .  Other models emphasize broad-scale patterns of vegetation change 
and focus more closely on the role of environmental factors in driving succession [ e.g. 85, 
121] . The individual-based models of Smith et al. [1 11] explicitly include both aspects 
of succession. In some instances there isn't sufficient information to justify a mechanistic 
approach to succession, in which case a more phenomenological approach can be taken [58] . 
The vegetation succession model developed here is designed to assess changes in landscape­
scale patterns of vegetation and the model emphasizes broad-scale environmental processes 
that drive system-wide successional patterns, over interactions among plant populations. 
In form, the model is similar to the Markov models for succession developed by Horn [58] . 
However, this model extends the Markov approach and links changes in vegetation to inter­
acting environmental processes such as hydrology, fires and eutrophication . The model is 
also spatially-explicit and includes the effects of space and spatial heterogeneity and the ap­
proach taken here allows a large landscape, such as the Everglades, to be efficiently modeled 
at an ecologically appropriate spatial resolution. The ability to estimate succession dynam­
ics for a large landscape at fine spatial resolutions is a new aspect of succession modeling 
developed here. The succession model described here uses high resolution spatial input data 
that estimate actual spatial and temporal variability in environmental processes that drive 
succession. 
The succession model takes a bottom-up approach to simulating landscape-scale patterns 
of succession . The Everglades are divided into approximately 38,000 raster grid cells, each 
of which represents a plot of land 500x500 meters in size. Within each of these cells, the 
local process of vegetation transition is simulated as a Markov process. Unlike standard 
Markov models, the transition probabilities that govern the process vary in time. The 
variation in the transition probabilities from one time step to the next reflects changes in 
local environmental conditions.  
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How the spatial and temporal distribution of these communities �ill change in response to 
restoration efforts is an important issue. The ATLSS vegetation succession model (VSMod) 
makes two important contributions toward addressing these issues. First, the model provides 
a tool for assessing the relative effects of alternative restoration plans directly in terms of 
changing patterns of vegetation. Secondly, the model can be linked with other ATLSS 
models to provide an assessment of the relative effects of hydrologic restoration through the 
indirect effects of vegetation responses on species such as the Cape Sable Seaside Sparrow 
(Ammodramus maritimus mirabilis ). This sparrow is a federally listed endangered species 
that has specific habitat requirements [86] . 
The vegetation succession model focuses on three primary environmental factors : hy­
drology, fires, and nutrients. These three factors were included because they are important 
in driving vegetative succession in the Everglades and because each is under some level of 
human control. Each vegetation type is characterized in terms of its tolerance to each of 
these factors and the yearly probability of transition for changes in each factor. The model 
updates the transition probabilities for each 500x500 meter cell and determines the vegeta­
tion type in each cell on a yearly basis. Landscape-scale patterns of vegetation succession 
emerge from the action of the vegetation transitions at each location at each time step. 
Model results are created for three hydrology scenarios. These scenarios are based on 
different assumptions about the requirements for freshwater to support urban and agricul­
tural growth and the operation of water control structures. One of the scenarios, commonly 
referred to as the Calibration/Verification scenario, reflects historical patterns of hydrology, 
covering the period from 1981 to 1995. The other two scenarios project future hydrologic 
conditions. One, labeled 2000 base scenario, assumes that restoration will only include those 
restoration projects that were in place in the year 2000. The other future scenario, labeled 
the 2050 base scenario, assumes that restoration will include all those projects that are 
proposed to be in place by the year 2050. 
Model results are also created for three fire scenarios. The first of these scenarios repre­
sents baseline fire conditions for the Everglades. Fire model inputs to the succession model 
for this scenario are based on fire model parameters obtained by fitting the fire model out­
put to historical fire data for Everglades National Park. The second and third fire scenarios 
represent an increase or decrease in fire conditions obtained by modifying the value of fire 
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model parameters. 
Modeling fires as a percolation process is a common approach [e.g. 47 ]. In this type of 
model, fire is spread across space based on the probability of transmission between locations. 
The transmission probabilities can depend on a range of environmental factors that vary in 
space and time. The fire model described here follows this basic approach. Transmission 
probabilities are computed for each time step based on local hydrology, fire history and 
vegetation. 
The fire model produces estimates of the total area burned by fires each year. The model 
assumes a stochastic spread of fires across the landscape based on local burn probabilities 
assigned to each 500x 500 meter cell. The burn probability for a cell depends on the local 
hydrologic conditions, local fire history, and vegetation. The model assumes that all fires 
are started by lightning strikes. The model also accounts for the effects of prevailing winds 
on the spread of fires across the landscape. 
The fire model is linked with the succession model, allowing feedback between the models. 
Fires are affected by changing patterns of vegetation that result from succession. The 
succession model dynamics are, in turn, altered by the distribution and timing of fires. 
The fire model includes two kinds of fires, hot fires and cool fires. Hot fires are more 
severe, resulting in the removal of local vegetation and resetting succession to early suc­
cessional vegetation types. Cool fires remove only some above-ground portions of plants. 
They do not result in extensive plant mortality and dominant species present before cool 
fires return in subsequent years. Cool fires exclude later succession vegetation types and 
halt succession at a local fire climax community. 
In this dissertation, I assess the ability of the fire model to reproduce patterns observed 
in fire data recorded for the Everglades National Park (ENP ). I also examine the sensitivity 
of the model to key parameters. Finally, I use the model to assess the relative potential 
impacts of three hydrologic scenarios on fires in the Everglades. Based on two general 
patterns, the time series of total annual area burned, and the distribution of fire sizes, the 
model appears to fit the ENP fire data well. The sensitivity analysis indicates that model 
parameters associated with the wet prairie communities have the strongest impact on model 
results. Comparison of the fire model for the three hydrology scenarios, based on the time 
series of total annual area burned, suggests that there are only minor differences between 
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the scenarios. However, a more detailed spatial comparison of model results for the three 
scenarios reveals a number of potentially important differences. Comparison of the spatial 
and non-spatial analyses for the three scenarios highlights the importance of evaluating 
model results for the Everglades in a spatial context. 
The invasive species model developed here is one of a much larger class of models that 
address issues associated with biological invasions. This model, like many other models of 
invasive species, emphasizes the spatial spread of the species. The spread of a species is 
only one phase of a biological invasion [133]. The first phase in an invasion is arriving in 
a new habitat. This can be the result of natural processes or can be aided, intentionally 
or unintentionally, by people. Establishing a self-sustaining population is another phase of 
biological invasions. Most pioneer populations die out before they become established in a 
new habitat. The failure to establish can be the result of many different factors, such as 
incompatibility with the local environment or demographic stochasticity. Among those that 
do become established, many will not spread far beyond the initial point of introduction. 
The outcomes of the arrival and establishment phases are difficult to predict because they 
are influenced by a range of stochastic and environmental factors as well as details about 
the invading species. The interaction of these factors is complex and mechanisms are not 
easily generalizable [133] . In addition, it is often difficult to measure a new invasion because 
initial populations are small and difficult to detect. The lack of consistent patterns and 
inadequate data have made modeling the initial phases of invasions difficult. The process 
of spread, on the other hand, are easier to model [106] . This is the result of several factors, 
including larger population sizes that are easier to sample and more consistent patterns 
from one example to the next [133]. Other aspects of a biological invasion include the 
potential establishment of an equilibrium with the new habitat and the consequences for 
native populations and communities. Many biological invasions do not have any measurable 
effect on the invaded ecosystem [e. g. 84] . However, effects can be delayed and changes in the 
population size of the invader can make future estimates of damage uncertain [133] . Some 
invasive species, for example L. microphyllum, have a range of negative effects on invaded 
ecosystems [7, 31, 101, 102] . 
The L. microphyllum model differs from the other two models in a number of ways. The 
model is applied over a smaller area than the other models. Instead of representing dynamics 
7 
for the entire Everglades ecosystem, this model is developed for the Arthur R. Marshall Lo xahatchee National Wildlife Refuge (Loxahatchee), which forms the northern-most end of the Everglades. The resolution of the raster grid is l xl km, instead of the 500x 500 meter grid used in the other models. The limited e xtent and coarser spatial resolution reflect, in part, the model's greater computational comple xity. This model is also different in that its cell-level dynamics are based on a system of finite difference equations and lack a stochastic component. The most significant difference between these models is that the L. microphyllum model is a spatial optimal control model. That is, the model applies an optimal control framework to identify the optimized management alternative for reducing the presence of L. microphyllum in Lo xahatchee. Whereas the succession and fire models are used to provide a relative assessment of a few hydrologic scenarios, the L. microphyllum model is designed to sort through all possible management alternatives to find the one that optimizes a particular management goal. The management alternatives in this model represent different spatial and temporal applications of treatment. Theatment involves the destruction of L. microphyllum on tree islands by cut-and-spray methods carried out by field crews. The L. microphyllum problem is composed of three parts. The first is a model of the dynamics of spread and the response to treatment. The second is an objective function and a constraint. The objective function is used to rank different treatment plans in terms of the level of infestation. The constraint limits the overall number of tree islands that can be treated. The third part is a genetic algorithm (GA), which searches through the set of all possible treatment plans to find the one that minimizes the value of the objective function and reduces the overall level of infestation in Lo xahatchee. 
L. microphyllum is spread through airborne spores that disperse from one tree island to the ne xt. The model formulation is borrowed from standard epidemiological models. For each cell, the model equations describe the number of tree islands that are uninfested with L. microphyllum, infested, or are recovering following the removal of L. microphyllum. Uninfested islands decrease in number, and infested islands increase, as the result of spores dispersing from infested tree islands to uninfested tree islands. The number of infested tree islands is decreased by the application of treatments for the removal of L. microphyllum. Following treatment, tree islands are placed in a recovering state. From this state, tree 
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islands can either become reinfested through spore dispersal or fully recover and return to the uninfested state. The objective function measures the level of infestation that results from the application of a particular treatment plan and the effort invested in treatment. By minimizing this objective function, the model seeks a plan that minimizes the number of infested tree islands and minimizes the effort needed to obtain this outcome. The constraint limits the total amount of effort, measured in dollars, available for treatment. Without the constraint, the best way to minimize the objective function would be to treat all infested tree islands in the first time step. Realistically, this approach may require more funds than are available for treatment. The constraint limits the total yearly budget that can be spent on treatment. The model is used to produce optimized treatment plans for a range of budgets. To provide a basis for comparison, optimized results are compared to the case in which no treatment is applied. The model is also used in a non-optimizing capacity to produce results for a set of specific treatment scenarios. These scenarios are based on quarantine treatment for a range of budgets. Quarantine treatment involves treating small peripheral infestations first and working inward toward more heavily infested areas. This is the recommended approach for treating invasive plants in south Florida [ 3 0, 31, 6 6] .  The levels of infestation that result from the application of quarantine treatment are used as a basis for comparing the optimized treatment plans. 
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Chapter 2 
A Landscape-scale Model of 
Vegetation Succession for 
Evaluating the Effects of 
Everglades Restoration 
2 . 1 Introduction The Everglades is a unique and important ecosystem [25, 75] .  This wetland ecosystem is a critical habitat for a wide variety of species including the American alligator, the Florida panther and many other tropical, subtropical and temperate plants and animals [ 19] . It has received international recognition through the designation of the Everglades National Park as a World Heritage Site, an International Biosphere Reserve, and a Wetland of Interna­tional Importance [28]. It is one of only three ecosystems in the world to receive all three designations [ 113] . Over the past 100 years, the rapidly increasing human presence in southern Florida has resulted in significant damage to the Everglades [ 6 7, 112] . In addition to substantial land conversion to urban and agricultural uses, an e xtensive system of canals and levees has been constructed. These structures facilitated the booming human population by providing protection from floods and droughts. They also drastically alter the flow of fresh water in the Everglades [5 0, 6 7] .  Today, an $8-billion, 3 0-year program, the Comprehensive Everglades Restoration Plan (CERP ), is underway to restore and preserve the Everglades [ 95]. The restoration plan calls for the implementation of over 46 individual projects designed to 
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provide sufficient water for the human population and restore water flow through the natural ecosystem (95] . One goal of CERP is the restoration and preservation of Everglades communities and ecosystem processes. To achieve this goal CERP projects emphasize modifying water control structures, creating new structures, and changing management practices to restore water flow and water quality [95] . The expectation is that as the water flows and quality are improved the ecosystem will recover [95] . However, the actual consequences of restoration plans are not clear [6 9] and a number of projects have been initiated to evaluate the results of plans for restoration [e.g. 95, 18, 2 0, 3 7]. I have developed a computational model of vegetation succession in the Everglades as part of the Across Trophic Level System Simulation (ATLSS ) project. This model is de­signed to evaluate landscape-scale effects of alternative restoration scenarios on succession and support the overall restoration effort. Models have been applied in earlier phases of restoration planning and are included as part of future restoration efforts [95 , 24] .  Models have been developed to evaluate the effects of restoration on a number of key components of the Everglades ecosystem, including the Florida Panther [ 12] , the Cape Sable Seaside Spar­row [ 15], freshwater fish [ 3 5] ,  and several other populations [2 0, 13 4] .  Until now there has been no landscape-scale model to simulate the effects of hydrologic restoration plans on the distribution of Everglades vegetation. A succession model is important because plant com­munities are an important and characteristic part of the Everglades ecosystem [ 14, 45, 72]. Plant communities influence a variety of ecosystem processes including fires, nutrient cy­cling and evapotranspiration [ 40, 72, 8 3, 93, 97, 136]. Plant communities also form critical habitat for other species [ 11, 86]. Several approaches have been taken to modeling succession in other ecological contexts [ 76]. Models like those of Tilman [ 116] or Connell and Slatyer [ 13] focus on inter-specific mechanisms, such as competition for resources, to explain autogenic succession. Grime's ruderal-competitor-tolerator model [ 41, 42] and Noble and Slatyer's model [ 8 5] are based on species characteristics as affected by environmental disturbances to describe patterns of autogenic succession. One of the most common approaches formulates succession as a Markov process [ 58]. These models make no explicit assumptions about the mechanisms driving succession and produce a phenomenological description. Modern computing has 11 
allowed the development of several individual-based models (IBMs ) [ 111, 23] .  Compared to earlier models, the IBMs are considerably more comple x. They allow for variation among individuals in their responses to ecosystem processes and can be spatially-e xplicit. They are used to simulate patterns of succession at broader spatial scales than earlier models. The model I have developed shares features with several previous ones [57, 111] .  My model is based on a Markov process that describes the transition between various types of plant alliances. The model is also spatially-e xplicit and includes the effects of space and spatial heterogeneity. However, the model includes a number of features that distinguish it from other succession models. In addition to being spatially-e xplicit, the Markov process in my model includes dynamic, rather than static, transition probabilities, which depend on current and past conditions. The use of dynamic transition probabilities and the inclusion of history dependence make this model different from other Markov models. A formative assumption for the ATLSS models is that spatial structure and individual variation are important determinants of landscape-scale responses to ecosystem restoration efforts. This has lead to the development of several IBMs [ 12, 86] . One drawback to individual-based modeling for plants is that computational limits restrict the number of individuals it is feasible to track. This ultimately limits the spatial e xtent of such a model or requires use of virtual sampling methodology. The Everglades are dominated by grasses that have very high densities. My model is designed to simulate succession for the entire natural Everglades landscape. An individual approach at this scale for plants is currently not feasible. At broader spatial scales, a number of ecosystem processes become important and landscape-wide patterns of succession may be quite different from those observed at a single location. Many disturbances, such as fires and floods, interact with landscape heterogeneity [ 118] . The effects of population and community structure can also influence succession and landscape-scale patterns of succession. The interaction of these factors on succession results in spatial and temporal heterogeneity in the distribution of plants. A landscape-scale per­spective integrates disturbance factors and allows us to understand how ecosystem processes interact to produce regional patterns of vegetation. There are a range of human interactions with the Everglades that are important. This includes continued land-use change [ 125] ,  recreation, as well as social and economic forces. Including all of these is beyond the scope of this work, however, the model does include 
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the impact of human management of water resources. Hydrological effects dominate ecosys­tem processes within the Everglades and Everglades hydrology is heavily managed. This succession model can be used to evaluate various restoration scenarios and provide insight concerning the relative effects of alternative management plans on changes in plant dis­tribution. Restoration planning and management affect the appropriate spatial scale for the model. Landscape-scale patterns of vegetation are an important factor determining the abundance, distribution, and persistence of other species. As hydrology changes, habitat may become fragmented. This in turn can influence many populations and affect richness, e xtinction rates, and migration [ 100], which are of interest in conservation management [ 118] . The presence of corridors between areas of suitable habitat and the proximity of habitat patches to each other can strongly influence other species ( 11, 127]. This model provides important insights as to how the habitat of other species will change as a result of hydrologic restoration. In this paper I describe the vegetation succession model and present initial results for three alternative hydrology management scenarios. I also present results from the model for three different fire scenarios. Finally, I describe additional potential applications of the model. 
2 .2  Methods The model study area covers appro ximately 9, 6 6 3 km2 and includes the remaining nat­ural, undeveloped portions of the Everglades, including Arthur ·R. Marshall Lo xahatchee National Wildlife Refuge, the water conservation areas (WCAs ), Everglades National Park, Big Cypress National Preserve, Indian tribal lands, and the surrounding natural areas ( see Figure A. 1). Space is divided using a raster grid in which each cell represents a 500x 500 meter plot on the landscape. At this resolution, the raster grid contains 2 6 4 columns and 419 rows. This generates 110, 6 16 cells, of which 3 8, 6 52 are in the model study area. The remaining cells are part of urban, agricultural, or other areas not included in the model. The cell size and e xtent of this model match those of the other ATLSS models. This allows a standardized set of analyses to be applied to the output of all the ATLSS models and simplifies comparison of results. Matching spatial characteristics greatly simplifies the task 
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of linking the vegetation succession model to the other ATLSS models. This linkage fulfills a primary function of the succession model, allowing succession to be incorporated as a factor driving the abundance and distribution of Everglades fauna. This succession model can potentially be run at 30x 30 meters. This is the limit of the spatial data available for input to the model. However, for some of the model inputs, resolutions much higher than 500x 500 meters are associated with an increased degree of uncertainty. The primary source of uncertainty arises from the manner in which hydrology data are produced for this model. The approach is based on interpolating 2x2 mile hydrology data to a higher resolution based on higher resolution topography data. At 500x 500 meters the topography used in this process is based largely on measured elevations collected by the U.S. Geological Survey (USGS ) High Accuracy Elevation Data (HAED ) project [22]. An approach has been developed to create topographic data at resolutions as high as 30x 30 meters, but the accuracy of the resulting elevations is uncertain. Another primary input to the succession model is the Florida GAP (Fl-Gap ) map. This map is available at a 30x 30 meter resolution and identifies the vegetation type located in each cell [8 9]. This map is rescaled to 500x 500 meters to provide the initial distribution of vegetation types used in the model. Using the original data to initialize a 30x 30 meter version of the succession model is not an entirely appropriate use of the data. Typically, with satellite-based data like Fl-Gap, the identity of individual cells is uncertain and only features composed of multiple cells are reliable representations of features on the landscape [ 108]. For this reason, it is more appropriate to operate the model at a higher spatial resolution where the initial conditions are based on multiple 30x 30 meter cells. The model is formulated as a Markov process that specifies the sequence of vegetation types in each grid cell. As in a classical Markov model, a set of transition probabilities are repeatedly applied to determine the dynamics of the system. These probabilities determine the transitions between different vegetation types. This approach to succession has been applied in a number of conte xts and scales [2, 52, 53, 57, 12 0]. However, the Markov process implemented in this model departs from the classic Markov approach in several ways. In a standard Markov approach, the transition probabilities are static and only the state of the system changes from time step to time step [ 58]. Static transition probabilities characterize the average or typical transitions of the system. However, the use of average 
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transitions is not always appropriate. An average is a poor characterization of transition probabilities that vary widely from one time step to another, or in cases for which the timing of changes in transition probabilities is important. In this model, the transition probabilities change over time. They are e xpressed as functions of dynamic environmental conditions, such as hydrology, and also depend on the current state of the system. The transition functions that determine the transition probabilities are a representation of various ecological relationships between plants and their environment. For e xample, some transition functions describe the chance that no changes occur. In matri x form, these are the transition probabilities along the diagonal and can be thought of as the probability of no succession occurring during that time step. If a vegetation type can tolerate the current environmental conditions and no modifying disturbance occurs, then the transition probability would be one, indicating that no changes will take place. As conditions change the vegetation currently occupying a cell may be at a competitive disadvantage, and the chance of remaining the same becomes less than one. The details about the range of conditions that will allow a particular type of vegeta­tion to persist, what conditions will lead to its replacement, and the relationship of these events to environmental conditions are formalized in the transition functions. Probabilities that describe the transitions between two different types will also change as the environ­ment changes. The details and ecological relationships that lead to these changes are also represented by the transition functions. This approach changes the interpretation of the transition probabilities from a represen­tation of the average behavior of succession to a more dynamic relationship that depends on changing environmental conditions. The kinds of conditions that make dynamic transi­tion probabilities important arise in the Everglades since human interference with natural ecosystem processes have significantly changed the amplitude and timing of environmental variation. Spatial heterogeneity, specifically variation in environmental conditions between loca­tions, also makes static transition probabilities problematic. There is a great deal of vari­ation over the 9, 6 00 km2 covered by the model and static transition probabilities do not sufficiently characterize this variation. The model applies transitions separately to each 500x 500 meter cell and the transition probabilities are recalculated using the transition 
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functions based on the local environmental conditions. Spatially-dependent transition prob­abilities arise in the model, allowing the pace and direction of succession to vary in response to local environmental conditions. Another defining characteristic of a Markov process is history independence. The ne xt time step depends only on the current state of the system and the transition matri x. The system states from earlier time steps do not directly influence the ne xt state of the model. In a formal sense the Markov process used in this model is also history independent. Only the plants currently occupying a cell influence the ne xt state of the system. Previous occupants do not influence the Markov process. However, this model does include history dependence in the Markov process by allowing the transition functions to depend on the history of environmental conditions. This model also includes a strong degree of linkage between the Markov processes in each grid cell. The transition functions in a given grid cell depend on the type of vegetation in surrounding cells. A cell can only transition to types located in its neighborhood. This feature of the model incorporates the effects of limited dispersal on succession. Plants have to be at the right place to be able to take advantage of changing environmental conditions. The vegetation types used in this model are those used in the Fl-Gap map (89] . These vegetation types are based on alliance-level descriptions of vegetation from the National Vegetation Classification System (NVCS ) [ 1, 44] .  The NVCS is a hierarchical classification system that groups plants based on ecological relationships. Many of the vegetation types in the Fl-Gap are aggregations of NVCS alliances that are a compromise between the required use of the N VCS as a vegetation classification system and the limits of LandSat thematic imagery data upon which the Fl-Gap maps are based [88] . The Fl-Gap project uses 7 1  types to describe land cover. Of these, 51 types are e xcluded from the model for various reasons. Fourteen types are e xcluded because they represent non­natural land cover types such as urban areas, agricultural fields, or mining sites. Another 22 natural types are e xcluded because they are not present in the model study area. Within the model study area, 11 types are e xcluded because they represent coastal or mangrove communities. These communities primarily respond to factors such as wave energy, salt spray, and other features of coastal environments not included in this model, which focuses on freshwater community succession [ 129] .  Collectively, the e xcluded coastal and mangrove 
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types cover approximately 5% of the study area, located primarily along the Gulf coast. Two types that represent exotic species have also been excluded from this initial version of the model. These types were excluded because they primarily respond to factors not included in the first version of the model such as soil disturbance from road construction or agriculture. Two types, Mesic-Hydric Live Oak/Sable Palm Ecological Complex (Fl-GAP type 5) and Black Mangrove Woodland (Fl-GAP type 22 ) were excluded as a result of rescaling the original 3 0x 3 0  meter Fl-GAP map to 500x 500 meters. The Live Oak type had less than a 0. 06% cover in the 3 0x 3 0  meter map and consequently would not have been very important even if included in the 500x 500 meter map. The Black Mangrove type would have been excluded for the same reason the other mangrove types were excluded. The remaining 2 0  types represent all the major native vegetation types of the area, including cypress forests, hardwoods, hardwood hammocks, tree islands, pine savannas, and the various marsh-grass communities. The types included in the model are listed in Table A.I .  Each vegetation type is  characterized by its tolerance of a number of environmental factors. Many ecosystem processes affect vegetation and succession in Florida, including hydrology, fires, frost, hurricanes, and nutrients. The first version of the model focuses on hydrology, fire, and nutrients. These three driving factors share characteristics that make them different from other ecosystem processes and are a logical choice for inclusion in the first version of the model. Each factor has a significant impact on vegetation and succession, has been extensively changed by human actions, and is under some level of human control. The potential for control of these three major ecosystem processes presents an unparalleled opportunity to modify this ecosystem and perhaps to restore it to a system closer to historical conditions. Hydrology is included because it is the most important process driving the Everglades ecosystem. As described above, hydrology is under direct human control through the ex­tensive system of canals and levees. Restoring hydrology is also a primary focus of the restoration effort and the agencies involved in restoration. Another important aspect of hydrology is water quality. Prior to human development, the Everglades were an oligotrophic ecosystem. The primary limiting nutrient is phospho­rous (P ) and historical P concentrations in the Everglades were approximately 10 ppm [ 96, 97, 98, 112] . Many of the plants, including dominant species such as sawgrass ( Cladium 
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sp.), are adapted to low nutrient conditions [ 14, 130]. Nutrients have been directly and e xtensively altered as the result of human development in south Florida [ 46, 72]. The conversion of Everglades wetlands to agriculture brought with it the widespread use of chemical fertilizers to support nutrient-intensive crops such as sugar [ 130]. Run-off from the agricultural areas, transported by the e xtensive canal system, has increased nutrient levels in many parts of the Everglades. Nutrient influences that can affect succession include the type and form of nutrient, whether nutrients are water-born or held in soils or sequestered biologically, as well as their location, timing, and concentrations. In several places, especially in the northern end of the water conservation area..<3, increases in nutrient concentrations are cited as a primary factor responsible for observed shifts from sawgrass-dominated communities to cattail-dominated communities [20, 98, 130]. The focus of restoration efforts is partly on reducing nutrient inputs from agricultural areas. Nutrient inputs can be reduced by either reducing the use of fertilizers or utilizing treatment areas to reduce the concentration of nutrients in water before it is released into the Everglades. A number of projects 8..'3sociated with restoration have already been im­plemented to reduce the nutrient concentrations reaching the Everglades. These projects set aside areas to hold agricultural run-off waters until nutrient concentrations have been reduced to an acceptable level. Nutrients are included in this succession model to provide a tool to e xamine their effects on vegetation in the Everglades. Fires are included because many of the Everglades communities are the result of par­ticular fire regimes [ 14, 50, 6 7]. The role of fire has also been changed, both directly and indirectly, through human actions [ 46, 6 9, 7 4, 12 9]. In addition, fires are, to a certain e x­tent, under human control. Management burns and fire suppression can e xert some control over fires, affecting the e xtent, frequency, timing, and intensity of fires [ 12 9]. Each of these influences the distribution of plants [ 46, 7 1, 72, 73, 7 4, 99, 10 9, 12 4, 130]. Environmental conditions created by the interacting ecosystem processes are spatially and temporally heterogeneous. This heterogeneity combines with differences among the vegetation types to determine the distribution of plants and how succession will proceed. 
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2 .2 .1  Basic Model Description 
The succession model is imbedded in a larger modeling framework that integrates the data 
layers and other models used to update the succession model. This framework iterates 
through yearly time steps, updating components sequentially. At the start of each iteration 
cycle the framework first updates the hydrology, nutrient, and fire data layers. Updates 
for these layers come from either input files or from other models as described later. The 
updated layers are used as the basis for determining the next vegetation state of each 
location on a cell-by-cell basis. In each cell, the model determines the probability, p(i, j) 
that a transition will occur from the current vegetation type, i, to another type, j. The 
model then selects the new vegetation type randomly based on these probabilities. The 
value of p( i, j) varies with location and time as a result of differences in environmental 
conditions at each location and the history of these conditions. For these factors there are 
no direct neighborhood effects. The only direct interaction between cells occurs due to a 
limitation placed on what vegetation type a cell can transition to based upon the types in 
neighboring cells. For notational convenience the dependence of p( i, j) on location, time 
and the environmental factors is not shown explicitly. The sequence of events followed to 
advance the model to the next time step is illustrated in Figure A.2. 
Each vegetation type is characterized in terms of the range and combination of environ­
mental conditions that it can tolerate and which allow it to persist. As long as environmental 
conditions are within the tolerance range for a vegetation type, that type will continue to 
occupy that site. When conditions are no longer appropriate for a vegetation type, there 
is a chance that a new type will occupy the site. This model assumes that the conditions 
that will allow a type to become established are the same as the conditions that allow it to 
persist at a site. Also assumed is that the conditions that have a non-zero chance of a type 
being replaced are the complement of the conditions that allow it to persist. Competition 
is the implied mechanism that drives local shifts from one type to another. As conditions 
change, the competitive relationship changes between the species that make up the current 
vegetation and alternative species. 
All of the vegetation types are characterized using the same set of parameters. Defining 
the parameters involves selecting particular aspects of each ecosystem process that are most 
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important for driving succession. This is difficult because each process affects several life history components, and different components may be more important to competition in particular species. The model focuses on those processes that are universally important to the vegetation types and their constituent species. This was limited by the availability of information about each vegetation type. In addition to these considerations, ecosystem variables need to be appropriate for the spatial and temporal resolution of the model. For e xample, e xtremes in water depth can be important determinants of the success or failure of individual plants. However, e xtremes that have short duration or limited e xtent will have little influence on phenomena at the landscape-scale. Hydrology can be characterized in a large number of ways. Typical measures appropriate for this model might include mean yearly water depth, variance of water depth or length of inundation (hydroperiod ). Many of these variables are correlated with each other, so it is possible to use one measure to account for many aspects of hydrology. For this first version of the model, hydroperiod is used as the key hydrologic parameter driving succession. Hydroperiod is the number of days during a year that surface water is present. Hydroperiod is represented by H P(x, t ), which is the hydroperiod in cell x during year t .  Five parameters are used to characterize each vegetation type with respect to hydrope­riod. The first two, HPmin (i ) and HPmax (i ), describe the range of hydroperiods that vegetation type i can tolerate. Parameter values are estimated from the ranges reported in the literature [ 130]. The ne xt two parameters incorporate a time lag in the effects of changes in hydroperiod. They describe the number of consecutive years of reduced hydroperiods, below the lower limit for a vegetation type, or the number of consecutive years of increased hydroperiod, above the upper limit for a vegetation type, required to allow a shift from the current vegetation type to another. Limited information in the literature regarding these pa­rameters led to using 3 years of increased hydroperiod and 2 years of decreased hydroperiod as the parameter setting for all the vegetation types. Taken together, these four parameters describe the range of hydrologic conditions that will allow a vegetation type to establish and/or persist. The probability that succession occurs between types as the result of a change in hy­droperiod is controlled by H Ptrans (i ). This is the yearly probability of a transition from any type to j. This is a conditional probability and, as described below, is only applied 
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when the current hydroperiod has e xceeded the limits for a cell's current vegetation type, i, for the appropriate length of time, and the current hydrologic conditions are within the range of type j. Fires in the Florida Everglades are divided into two categories: hot fires and cool fires [ 12 9]. Cool fires are more common and are generally characterized by burning only surface vegetation. While surface fuels may be burned, including standing live biomass, cool fires do not burn soils and dominant vegetation present before a fire returns. Many of the Everglades communities depend on periodic fires to maintain suitable growing conditions. Hot fires are different from cool fires in that they can burn soils, destroying seed banks, kill trees, and can lower local topography [ 14, 72, 12 9, 130] . Following a hot fire the original vegetation does not persist and new species can appear. Accounting for differences between hot and cool fires is important to succession. For hot fires, the primary factor is simply whether or not the fire occurs. For cool fires, the time since the last fire is the important factor. For these reasons, the model uses two variables to characterize fires, dependent on vegetation type. The first variable, FT(x, t) , tracks the type of fire that occurs at location x in each year, t. The variable takes one of three values : No Fire, Cool Fire and Hot Fire. The second variable, YSF(x, t) , (YSF = years since fire) counts the number of years since the last fire occurred at location x prior to year t. Three parameters are used to describe vegetation types with respect to fires. The first two, YSFmin (i ) and YSFmax (i ), describe the minimum and maximum number of years since the last fire that are appropriate for the establishment or persistence of vegetation type i. As the time since the last fire increases, the probability of a transition to the ne xt succession type, YSFtrans (i ), also increases. The third fire parameter, YSFinc(i ), describes the rate at which YSFtrans (i) changes. As with hydrologic transition, two conditions must be met before Y SFtrans (i ) is applied. First, the number of years since a fire must e xceed the upper limit for the current type, Y SF(x, t) > Y SFmax (i ), where i is the current vegetation type. Second, the number of years since a fire must be less than the upper limit for type j, Y SF(x, t) � Y SFmax (i ). For all vegetation types for which the second condition is true, the transition probability, Y SFtransU ), is applied to determine which vegetation type occurs 
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ne xt and is given by: YSF(x, t )  - YSFmax (i) YSFtrans (YSF(x, t ) )  = YSFmax (i ) - YSFmax (i) (2. 1) This formulation is designed to make YSFtrans U )  = 1 when YSF(x, t )  = YSFmax (j ). This forces succession to an alternative type once the number of years since the last fire e xceeds the appropriate threshold. In the first version of this model I focus on the role of total phosphorous (TP ) in Ev­erglades soils. While other nutrients are important in plant biology, phosphorous is the most limiting nutrient in the ecosystem [ 12 9] .  Phosphorus is present in the Everglades in a number of forms in the soil, water and plants. Water-born forms are not readily avail­able to plants. Only when P precipitates into the soil, either physically or through the action of periphyton, does P become available to plants. Once in the soil, P is present in a number of different chemical forms with different levels of bioavailability. I use total phos­phorous concentrations in soils as a general measure of the availability of P. Two parameters, T P min ( i )  and T P max ( i ), describe the range of TP concentrations that are suitable for each vegetation type. The probability of a transition to an alternative type is based on a third nutrient parameter, TPtrans U ), the conditional probability of transition to type j, given a fire has occurred, nutrient concentrations are outside the range for the current type i and concentrations are within the range of type j. Estimating model nutrient parameters is difficult because of limited information reported in the literature [ 130] .  Most of the published research is focused on the replacement of saw­grass dominated communities by cattail dominated communities. Isolating the impact of nutrients is complicated by the action of other processes that are difficult to control. Nu­trients are introduced into the Everglades along with freshwater from pumping stations, flood gates or other water control structures. As a result, increases in TP concentrations are frequently associated with increases in hydrologic parameters such as water depth and hydroperiod. These factors translate into a high degree of uncertainty in how to model the response to nutrients. These difficulties, however, are not a reason to omit the role of nutri­ents from the succession model. The model can be used to e xplore different hypotheses that describe the effects of nutrients on succession. Considering hypotheses in this conte xt can 
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suggest how to direct future research and indicate what additional information is required 
to determine the role of nutrients in the Everglades. 
Based on information reported in the literature [129, 130] , nutrients are most important 
in determining changes in vegetation following fires. Transitions based on these conditions 
are controlled by, PTP(i, j) ,  the probability of a transition from vegetation type i to type j 
as a result of the interaction of nutrients and fires. The interaction is incorporated into the 
model by making the value of PTP (i ,j )  (see (2.9) below) depend on both the concentrations 
of TP and the occurrence of fires. The value of PTP (i, j) will only take a non-zero value 
if three conditions are meet. One condition is that a fire, either hot or cool, must have 
occurred in the current time step. The next two conditions are similar to the conditions for 
the other environmental factors: the current nutrient concentrations must be outside the 
suitable range for the current vegetation type, i; and must be within the suitable range for 
the alternate type, j .  If these conditions are met, the value of PTP(i, j) is determined by a 
step function that depends on the current concentration of TP and the vegetation type j.  
Succession at a location is  based on the types of vegetation present in a neighborhood. 
Changing environmental conditions at a location may be favorable for a number of alter­
native vegetation types. However, these alternative types will not have an equally likely 
chance of occupying a location. The ability of individuals to reach the new location, by 
either seed dispersal or vegetative reproduction, varies from one vegetation type to another. 
If a vegetation type does not have representation close enough to the disturbance, it has 
little or no chance of occupying a new location. To incorporate this into the model, only 
vegetation types within a neighborhood of a disturbed location have a chance of colonizing 
a disturbed site. The neighborhood size used in the model is 5x5 cells, or 2.5 km on a side 
centered on the disturbed cell. If none of the neighbors are able to occupy the disturbed 
location then the current vegetation type persist for another time step. 
The definition of the nine parameters used to characterize the vegetation types, the 
variable names that represent the ecosystem processes, and the additional symbols used to 
specify these terms are summarized in Table A.2 
At each grid cell, x, and each time step, t, the model computes the probabilities of tran­
sition, p(i ,j ) ,  from i to type j ,  including the transition from i to itself. This probability is 
given by: 
23 
1 if j = i  and ENV(i ) = 1 
0 if j / i and ENV(i ) = 1 
p(i, j) = 
1 - E q(i, k) if j = i  and ENV(i ) = 0 (2.2) 
k-:/:i 
q(i, j) if j =/: i and ENV(i ) = 0 
If the current environmental conditions are within the tolerances for the current vegetation 
type as determined by ENV(i ), then p(i, j) is equal to 1 when j = i and is zero otherwise. 
That is, no succession occurs as long as current conditions are within the tolerance range for 
the current type. If conditions are no longer suitable for the current vegetation type, that 
is ENV(i ) = 0, then the third and four options in (2.2) apply. If j # i, then the probability 
of a transition to type j is given by q(i, j) described below. If j = i, the probability of the 
current type persisting for another time step is the probability of not changing to one of the 
alternative types. 
Whether or not the current conditions are suitable for the current type is determined 
by the function ENV(i ). This function equals one if the current conditions are suitable for 
the current type and is zero otherwise. The function is formulated as: 
ENV(i ) = 1 if 
0 
HPmin (i) � HP(x, s) , s = at least one of {t, t - 1, t - 2} 
and 
HP(x, s) � HPmax (i) , s = at least one of {t, t - 1}  
and 
YSH(x, t) � YSFmax (i) 
and 
FireType(x, t) # HotFire 
and 
FireType(x, t) # CoolFire 
or 
FireType(x, t) = CoolFire 
l TPmin (i) s; T;;:\ s; TPmax (i) 
otherwise 
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(2.3) 
Here, x refers to the grid cell which contains vegetation type i. The entire set of conditions 
must hold true in order for the current type to persist. If any single condition fails, there is 
a chance for succession to another type. 
The range of hydrologic conditions that the current vegetation type can tolerate is de­
scribed by the first two conditions. The first describes the tolerance to droughts. As long 
as hydroperiods have been above the minimum for the current type for one of the past 3 
years there will be no succession. On the other hand, three consecutive years of decreased 
hydroperiods will allow succession. The second condition determines the tolerance to floods. 
As long as the local hydroperiod has been below the maximum for the current type for one 
of the past two years no succession will occur. Succession will occur if there have been 
two consecutive years of increased hydroperiods. In this description, the terms flood and 
drought are relative to the tolerances of the current vegetation type. 
The range of fire conditions that will allow a given vegetation type to persist are described 
by the next two conditions. The first fire condition states that conditions are appropriate for 
the current type as long as the number of years since fires is below the limit for the current 
type. A prolonged period without fires will result in succession to a later successional type. 
The second fire condition checks for the occurrence of hot fires. Hot fires override the effects 
of environmental conditions because they completely kill both above and below ground 
vegetation. If a hot fire occurs, there is a chance for succession to another type. Hot fires 
allow succession to early successional types. 
The final condition is a composite of a number of conditions and describes the range of 
TP concentrations that allow vegetation to persist. The effects of TP concentrations only 
apply if a fire has occurred; in the absence of a fire, no succession takes place due to TP. 
The formulation for ENV(i) does not explicitly need to include the interaction between hot 
fires and TP since hot fires force a successional change independent of TP concentrations. 
Phosphorous concentrations still influence succession following hot fires by limiting succes­
sion to types that can tolerate the local TP concentrations. If TP concentrations are within 
the limits of the current vegetation type when a cool fire occurs, no succession will take 
place. Only when there has been a cool fire and TP concentrations are outside the limits of 
the current type will succession occur as the direct result of nutrient dynamics. 
If at least one of these conditions fail, then there is a chance that there will be a tran-
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sition to another type. For vegetation types other than the current one, that is j # i, the probability is formulated as: 
q(i, j ) = PENv(j ) * /(j ) * { 1 - [ 1  - PHP(j )] [l - PHF(j )) [l - pysp(j )) [l - JJTp(j )]} (2. 4 )  
The term 1- [ 1- PHP(j )] [l - PHF(j )) [l - PYsF(j )] [l - JJTp(j )] will be abbreviated as q'(j ) in the discussion that follows. The case of no succession as a result of altered environmental conditions, that is q(i, i ), is handled directly by the third condition in (2.2 ). The first term of this equation, PENv(j ), is the probability that vegetation type j can exist in the current environmental conditions. The formula for p ENV (j ) is very similar to (2. 3 ). It tests whether or not the current environmental conditions are appropriate for the alternative vegetation type j. It does not explicitly check for the occurrence of hot fires. If a hot fire has occurred, then Y SF(x, t )  = 0 and a type can occupy the grid cell if 
Y SFmin (i) = 0. The function also only checks to see if TP concentrations are appropriate if a fire has occurred. If a vegetative change occurs for reasons other than fires ( either a hydro period change, or a prolonged period without fires ) then TP is not considered as a limiting condition for occupying the grid cell. The model assigns the value of PENV to be zero, if the vegetation type cannot tolerate the current environmental conditions, or one, if it can tolerate the current conditions. This function is given by: 
1 if 
PENv(j) = 
0 otherwise 
HPmin (j ) � HP(x, t )  � HPmax (j ) 
and 
YSFmin(i) � YSH(x, t) � YSFmax (i) 
and 
FireType(x, t )  = NoFire 
or 
FireType(x, t )  # NoFire l 
TPm;n (j) :,; T;:� t ) :,; TPmax (i) 
(2. 5) 
The next two terms in (2. 4 ), /(j )q'(j ), combine to form the probability that type j 
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will be the next vegetation type. This depends on the proportion of neighboring cells of 
type j and competition between the current vegetation type, i, and type j. The model 
assumes that all neighboring cells send out recruits every year, some of which can reach 
the disturbed cell. Some of these recruits will fail because conditions are not suitable for 
them. Others have a positive chance of establishment based on their tolerances. Based on 
pair-wise competition with the current vegetation type, a recruit from a neighboring cell 
has a probability q' (j) of successfully outcompeting the current vegetation type. If there 
are N(j) cells with vegetation type j in a neighborhood of a location, then the average 
number of neighbors of type j that can send a successful recruit to the cell is N(j)q' (j) .  
The probability that type j will be  the next occupant i s  given by the number of potentially 
successful recruits as a fraction of all the recruits that are sent, N(j)q'(j)/ N, where JV is the 
total number of cells in the neighborhood. The term f(j) from (2.4) is defined as N(j)/(N) . 
The individual terms that make up q' (j) determine the probability that vegetative change 
will occur as a result of each of the processes altering succession. The term pH p determines 
the probability of succession resulting from either a decrease or increase in hydroperiods. 
The effects of hot fires on succession are determined by pH F. The effects of the number of 
years since the last fire is determined by PYSF · Finally, the interactive effects of nutrients 
and fires on succession are determined by PTP·  Collectively, they describe the probability 
that succession will occur as a result of changes in one or more of the ecosystem processes. 
The complement of each term, for example 1 - PH p ,  is the probability that there will not be 
succession as a result of changes in hydroperiods. The product of the four complements is the 
probability that there will be no succession even though one or more of the environmental 
conditions have changed. The complement of this product, 1 - (1 - PHP] (l - PHF] (l -
py s F ] [1 - PT p] ,  is the chance that succession will occur as a result of changes in at least one 
of the environmental factors. Since only types that can occupy the new conditions have a 
non-zero probability ( because of the value of PENV) the vegetative change that does occur 
is the consequence of all the ecosystem processes. 
The values of each component term of q'(j) are determined by the history of hydrology, 
fires and nutrients, and the parameters for each type j .  The probability of a transition to 
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type j given a change in hydroperiods, PHP(i ) is given by: 
. 
{ 
HPtrans0) if 
PHP(J) = 0 otherwise H Pmin(j) � H P(x, t) � H Pmax(i) The probability of transition to type j given a hot fire is given by: 
PHFU) = { : 
if YSFmin(i) = 0 
otherwise 
(2.6) 
(2.7) 
The probability of transition based on the number of years since the last fire is given by: 
. 
{ 
YSFinc(i) * (YSF(x, t) - YSFmax(i)) if YSFmax(i) < YSF(x, t) 
PYSF(J) = 
0 otherwise 
(2.8) Finally, the probability of succession based on changes in the concentrations of TP is given by: 
P'J'p (j) = 
TPtrans (j) if 
0 otherwise 
TPmin(j) � TP(x, t) � TPmax (j) 
l and 
FireType(x, t) i= NoFire 
(2.9) 
It is important to note that the f(j) have the property that EJ f(j) = 1. Since O � q'(j) � 1, Vj it follows that Ei f (j)q' (j) � 1. Note that Ei p(i ,j) = 1 for any i. 
2.2 .2  Inputs and Initial Conditions Each of the successional processes used in this model is represented by dynamic inputs. Hydrology is read into the model in the form of 500x 500 meter maps of yearly hydroperi­ods. Hydroperiods are currently computed based on output from the South Florida Water Management Model (SFWMM ). This hydrologic model for south Florida incorporates both water control structures and the effects of management of these structures on the flow of freshwater. The output from the SFWMM is daily water depths for south Florida from 
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Lake Okechobee to Florida Bay, bounded on the east by the Atlantic coast and on the west by the western border of BCNP and the Gulf coast (see Figure A.1) and includes the urban areas, the agricultural areas and the remaining natural portions of the Everglades. This model uses 17 46, 2x2 mile cells to cover the modeled area. At this resolution the hydrology data are incompatible with the succession model. To obtain 500x 500 meter hydrology data I use a knowledge-based interpolation method to estimate variation in water depths within the 2x2 mile cells [2 0). The method was developed as part of the ATLSS project to obtain estimates of water depths at spatial resolutions that are more appropriate for ecological modeling. This method is applied to the SFWMM output to produce daily water depths at a 500x 500 meter resolution. These higher resolution data are then used as the basis for computing hydroperiods. The SFWMM is the primary model being used to evaluate the effects of Everglades restoration projects on hydrologic patterns. Over the course of this evaluation process a few fundamental restoration scenarios have emerged. Two of the scenarios incorporate the effects of increased demands for fresh water resulting from growth in the urban and agricultural sectors. However, they differ in their assumptions about how water will be managed. One scenario includes only those management structures and practices that were in place as of the year 2 000 and is referred to as the "2 000 base" scenario [ 10). The second scenario includes management structures and practices that will be in place in 2 050 and is referred to as the "2 050 base" scenario [ 10). A third scenario reflects the historical hydrologic patterns. This scenario is the Calibration/Verification (Cal/Ver ) scenario of the SFWMM. It is the scenario to which SFWMM parameters are adjusted to provide the best fit to historical hydrologic patterns, as recorded by an e xtensive network of monitoring stations, by model output. The emphasis on fitting and matching measured hydrology produces a scenario that most closely reflects historical hydrologic patterns. Limitations in the availability of gauging station data restrict the period of simulation for the Cal/Var scenario to January 1, 198 1 to December 3 1, 2 000. All three of these scenarios share a number of similar assumptions and inputs, including a range of hydrologic parameter values ( estimated from the Cal/Ver scenario ) and topo­graphic assumptions. Among these assumptions are the time series of rainfall inputs into the SFWMM. These inputs are important because Everglades hydrology is strongly linked 
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to patterns of rainfall. Since the Cal/Ver scenario is limited to 1981 to 2000, the same period 
of data are used from the 2000 base and 2050 base scenarios. This assures that differences 
between scenarios can be attributed to differences in their assumptions about how water is 
managed and not the result of differences between the input rainfall. 
Fire inputs for the succession model are produced by the ATLSS fire model [ 27 ] .  This 
model provides yearly estimates of the area burned by fires for the study area. This model 
is run in tandem with the vegetation succession model and there is feedback between these 
models. 
The fire model uses a number of factors to determine the area burned. These include 
the local hydrologic conditions, the local vegetation type, and the history of fires at each 
location. The model is stochastic, with the probability of burning being controlled by these 
factors. As vegetation changes through succession, local burn probabilities change. 
It is possible to override the fire model and provide the succession model with a specific 
fire scenario. Such a scenario might . include historical patterns of fire, or can be used in 
conjunction with the fire model to evaluate the effects of fire management. 
Nutrient inputs come from a simple phenomenological model of TP enrichment. This is 
a simple plume model developed specifically for use with this vegetation succession model. 
Since the details of this model are not described elsewhere, a brief description of the model 
will be provided here. 
The nutrient model is a spatially-explicit model that produces a map of nutrient concen­
trations at each time step. The model is based on increases in soil nutrient concentrations 
downstream from point sources of nutrient inputs into the Everglades. A number of spatial 
parameters are used to characterize each point source including the location of the source, 
the direction of nutrient flow from the source, the width of the plume created by the source 
and the maximum distance from the source at which nutrient increases occur. The rela­
tionship between the distance to the inflow source and the yearly rate of nutrient increase 
is described by the decaying exponential function: 
TPinc (x) = B * exp(-m * x) (2. 10) 
where x is the distance from the input source, B is the rate of nutrient enrichment at the 
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site of nutrient inflow, and m is the rate at which the yearly enrichment rate decreases 
with increasing distance. The parameters for this relationship can be specified by the user. 
In overall structure, the model is generic and could be used as a simple tool to simulate 
the dynamics for many different kinds of nutrients. The parameter values for (2 .10) used 
here make the model TP specific. However, the general approach could be applied to other 
nutrients by an appropriate change of parameter values. 
The parameter values for B and m were determined by first fitting (2 .10) to data reported 
in Reddy et al. (96] and then transforming the values into units that are compatible with 
the nutrient model. Fitted values for (2 .10) are (after transformation of units) B =169.7 
mg(P)/kg(soil)/year, and m = 0.256 1/km. Reddy et al. fitted a logarithmic function, 
TPinc(x) = 0.758 - 0.243ln(x) , to the same data. However, this function is undefined for 
x = 0, which is undesirable. Equation 2.10 does not have this problem, yet provides nearly 
as good a fit as Reddy et al. 's model in describing the variation in the reported data (eq. 
2 .10 r2 = 0.941 vs. r2 = 0.945 reported by Reddy et al. (96]) .  Figure A.3 shows the 
concentrations of TP for 1981 and 1999 as simulated by this model. 
The nutrient model allows the user to specify any number of nutrient input sources and 
collections of sources can be used to simulate the inflow of nutrients from canals. In addition 
the user can reset nutrient model parameters on a per-time-step basis. This allows the user 
to control the timing and rate of nutrient inputs. For example, an input source can be 
turned off for a specified number of time steps, and then later turned back on. That is, 
yearly increases in nutrients from the input source would cease while the source is turned 
off and would resume when it was reactivated. This allows the user to explore the effects 
of different nutrient management scenarios or to recreate the historical use of water control 
structures. Currently the model is configured to use 15 input sources of nutrients specified 
by Wetzel (130] , shown in Figure A.4. 
The model is written entirely in C++. The model was compiled with the GCC C++ 
compiler, g++, version 3.3.5 on a Dell Precession 470 with an Intel Xeon, 2.8GHz processor, 
running Debian Linux 1 :3.3.5-13. All runs were performed on the same computers. Average 
run time for the model is 20 minutes for a 19-year, 100-replicate run of the model. 
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2 .3  Results and Discussion The model determines what vegetation type will occupy each cell at each time step. Since the model is stochastic each run will produce slightly different results. A standard approach is taken to dealing with this variability by running the model several times and aggregating the results to obtain an estimate of the variation in model projections. The results reported here are based on 100 replicate runs of the model. Results from the replicate runs are compiled into a collection of raster maps for the study area at the resolution of the model. For each vegetation type the model produces one set of maps that represent the spatial distribution for each time step. In each map the value in a cell is the percent of the replicate runs in which that vegetation type was present at that location in a given year. These maps provide insight into the variability of the model and can be interpreted in several ways. For the purposes of the analysis presented here they are interpreted as the percent cover of a vegetation type within each cell. This provides a convenient and ecologically meaningful conte xt for understanding the model results. Model output was created for each of the three hydrologic and fire scenarios evaluated. The model results are compared for each scenario using a relative assessment approach developed for other ATLSS models. There are two important features in this approach. The first is that emphasis is placed on comparing model results relative to each other rather than to an independently defined ecological standard. This is important for a number of reasons. Our model outputs are not predictions of the future state of the Everglades, but are projections that estimate the future state that would result if only those factors included in the model are changing in space and time. The factors e xcluded from the model are assumed to be constant in effect. The distinction between prediction and projection is important because it acknowledges that there are factors that may influence succession that have been e xcluded in this version of the model [ 9]. This means that comparing model results to an independent standard is difficult because the relative contributions of included factors and e xcluded constant factors cannot be determined. Model outputs are the result of the model assumptions, the hydrology inputs, the details that define a particular scenario and the assumptions of the hydrology model that created the hydrology data. The comple xity of spatial stochastic modeling makes it difficult to 
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attribute differences between the model outputs and a independent standard to either the 
details of a specific restoration scenario, which is of principal interest in the restoration 
project, or the assumptions of the models. 
Comparing model results to each other rather than an independent standard controls for 
the effects of model assumptions in both our model and the ·hydrology model. Differences 
between .model outputs can then be completely attributed to differences in the hydrology 
scenarios. The relative differences can be used as a basis for ranking the scenarios and form 
a guide for selecting those management plans that will best fulfill restoration goals. 
The second feature of the relative assessment approach is an emphasis on evaluating 
output based on the spatial data produced by the models rather than summarizing the 
spatial data. Preserving the full spatial structure of the data grew out of our experiences 
with other ATLSS models [15, 20, 34] . Differences between scenarios often varied over space, 
resulting in one scenario being more favorable than another in one area and less favorable 
elsewhere. Attempting to condense these differences into one or a few summary statistics 
is problematic. A simple averaging of spatial differences can show little or no differences 
between scenarios, when in fact differences can be large and important. The importance of 
relative differences depends on the location and configuration of the changes. Methods that 
account for differences by weighting some areas more heavily than others can be devised 
but are frequently peculiar to each species and can vary depending on the specific questions 
or goals one uses the model to explore. In addition, it is extremely difficult to choose a 
method that is applicable across the variety of scientific, regulatory, managerial and other 
concerns in the Everglades. For this reason the spatial dimension of the data is preserved 
and each user can apply his/her own expertise, judgment and objectives to interpreting and 
summarizing the model results. 
To visualize and analyze the output of the vegetation succession model the output for 
each scenario and the differences between the scenarios are combined into a single figure. 
This is a standard approach developed for the ATLSS project for visualizing model outputs. 
Figures A.5 - A.16, and A.21 are all formatted to this standard. Each figure contains three 
maps. The left and right hand maps display model output from a single year for two different 
scenarios. The right hand map is generally thought of as the baseline, or simply "base" , 
scenario. The alternative scenario is shown in the left hand map. Labeling scenarios as either 
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"base" or "alternative" stems from the relationship of the hydrology scenarios. Usually one hydrology scenario represents baseline conditions, such as historical hydrologic patterns. The other scenarios represent the results of various alternative restoration plans and are derived from the base scenario. Assignment of a scenario to either the base or alternative category is fle xible and is adjusted to fit particular questions. A common color scale is used to display the values in each map. For the vegetation succession model output the colors are interpreted as the percent cover of each 500 meter cell predicted by the model for each scenario. Blues represent low cover values, greens, yellows, and oranges represent intermediate cover values, and reds represent high cover values. Cover values in these maps range from zero percent cover to 100 percent cover. The central map in the figure is the difference between the model results for the two scenarios. The values in this map are computed by subtracting the alternative values from the base values. Positive values in the difference map represent places where the alternative is higher than the base, and negative values are places where the alternative is lower than the base. The map displays these differences as different colors. Blues are used to represent negative values and yellows are used to represent positive values. The selection of colors for the difference maps was chosen to accommodate users with red-green color blindness. The model is applied to address the relative effects of three hydrologic restoration scenar­ios and the effects of three fire scenarios. Presenting three-panel-maps for all 2 0  vegetation types included in the model, for all years from 198 1 to 1999, would be overwhelming. The volume of information would tend to obscure meaningful patterns. To e xamine specific changes in the spatial distribution of vegetation, a carefully selected subset of the data make the analysis of results manageable and understandable without sacrificing too much generality. Here, the focus is on a few vegetation types of particular interest that repre­sent important Everglades plant communities. For these characteristic types I focus on the spatial distribution of vegetation for only a few specific years. In comparing hydrologic or fire scenarios we compare the spatial patterns in the last year of the simulation, 1999. For comparisons within scenarios we compare the first and last years of the simulation. These maps are supplemented by time series plots of total cover for the selected vegetation types. Finally, a few summary statistics are presented for all the vegetation types to place the more 
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detailed spatial and temporal data into conte xt. Vast open prairies are one of the characteristic communities of the Florida Everglades, dominating well over half the remaining natural areas. These communities have strong in­teractions with a range of ecosystem processes, including those used in this model. They are characterized by relatively long hydroperiods, low nutrient availability and frequent cool fires. They provide critical habitat for a range of species, including a number of endan­gered or threatened birds [ 8 6]. The focus here is on two of the most widespread of these communities, sawgrass prairies (Fl-Gap type 43 ) and muhly prairies (Fl-Gap type 45). The Everglades also contain a number of distinctive forest communities, including e xtensive cy­press forests, hardwood hammocks, and slash pine forests. Model results are shown for cypress forests (Fl-Gap type 13 ) and slash pine forests (Fl-Gap type 18 ) . Cypress forests cover e xtensive areas in the BCNP. The remaining slash pine forests in the Everglades are the remnant of a once much more widely spread type. The pine forests require a very short fire return interval for continued survival. Collectively these four communities cover slightly more than 7 1  % of the Everglades, with the sawgrass prairie, cypress forest, and muhly prairie being the top three communities by cover. A number of general patterns emerge from the model results. First, the differences in the model outputs for different scenarios are rather small. For each vegetation type, the percent cover projected by the model to occur in 1999 is similar for all three scenarios (see Table A. l ). Plots of percent cover over time for the selected vegetation types, shown in Figures A. 17 through A.2 0, support the notion that the differences between the hydrologic scenarios are small. The maps for the selected vegetation types also indicate that the differences between the scenarios are small. A visual analysis of the distribution of vegetation types for the three scenarios, shown in the left and right hand panels of Figures A. 5 through A. 16 indicates that there are e xtensive structural similarities between the scenarios. Only in a few areas of limited spatial e xtent are there large differences in the projected distribution of vegetation, as in Figure A. 5. In this figure there are large, but spatially confined, differences in the dis­tribution of sawgrass in the southwestern quarter of WCA-2 and the neighboring northeast corner of WCA- 3A. These differences are the result of changes to the hydrology associated with restoration planning [9 5] .  3 5  
The difference maps in Figures A.5 through A.16 highlight the large differences and 
reveal an extensive number of smaller changes. For the cypress forest type the difference 
maps further support the idea that the differences between the scenarios is small. This 
result is in fact what would be expected, since the alternative hydrologic scenarios include 
very few changes in the distribution of fresh water in this part of the Everglades ecosystem 
[95, 10] . 
For sawgrass, the difference maps reveal what appears to be extensive, system-wide 
differences in the distribution of this type between the scenarios. However, analysis of the 
differences reveals that more than 70% of the cells in which differences occur represent 
less than a 10% change in cover. That is, for most of the cells, the projected cover for 
one scenario minus the projected cover for another is less than 10%. What remains are 
the large differences, which are of limited spatial extent. For all of the selected vegetation 
types, between 70% and 90% of the values in the difference maps represent less that a 10% 
difference in percent cover between scenarios. Remaining larger differences are of limited 
spatial extent. 
When one considers the vegetation type percent covers across the entire landscape, and 
the purposes of this analysis, the differences that occur between the scenarios are not im­
portant. However, if one were evaluating the effects of vegetation change with respect to 
another population or community that depends on a specific vegetation type, the differences, 
their location and extent can be very important. For example, the area east of Shark River 
Slough is critical breeding habitat for the endangered Cape Sable Seaside Sparrow because 
of the presence of muhly prairie and the lack of nearby trees [86] . A comparison of the 
difference maps in Figures A.8 and A.9 indicates that the relative loss of muhly prairie is 
higher under the 2050Bl scenario than the 2000Bl scenario, relative to Cal.Ver. In addition, 
Figures A. 14 and A.15 indicate that the prairie is being replaced by slash pine. This doubly 
impacts this endangered sparrow since its main habitat is muhly prairie and it does not 
exist in pine forests. One could not have gleaned these impacts from an examination of non­
spatial summary statistics. The preservation of spatial information allows the assessment of 
interacting changes that may have a limited extent, but which occur at just the right place 
to be a significant problem for other organisms. 
The results from the succession model also indicate that there is greater variation in the 
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distribution of vegetation types over time than between scenarios. This can be clearly seen 
from the percent cover graphs in Figures A.18, A.19 and A.20. For most of the vegetation 
types, including those shown in the figures, the changes in percent cover are monotonic. 
This indicates that the vegetation types are not at equilibrium with the environmental 
conditions created by the hydrology, fires, and nutrients. An exception to this pattern is 
sawgrass (Fl-Gap type 43) which has a nearly constant percent cover over the model time 
period (Figure A. 17) . However, the static percent cover for sawgrass shown in Figure A.17 
hides large changes in its spatial distribution. Figure A.21 shows the distribution of the 
sawgrass type for the first and last years of the model time period, illustrating significant 
changes in distribution over time. 
Model results were compared for three fire scenarios. These scenarios were created using 
the ATLSS fire model. Like the succession model, the fire model is a stochastic model. It 
simulates the distribution of natural fires within the Everglades. It incorporates the effects 
of hydrologic history, vegetation, and fire history on fires. A key parameter in this model is 
the maximum burn probability for each vegetation type. The three scenarios are based on 
changes to these parameters. A baseline scenario was created using the parameter values 
estimated for the fire model based on fitting model output to historical fire-size distributions 
[27] . These parameter values result in model output that mostly closely reflects historical fire 
patterns. Two alternative scenarios were created from baseline scenarios by systematically 
increasing and decreasing the maximum bum probability parameters for all vegetation types. 
An increased fire scenario was created by increasing the burn probabilities for each vegetation 
type according to the equation: 
Pburn+ (i) = (1 + Pburn (i))/2 (2 . 1 1 ) 
where Pburn (i) is the probability of vegetation type i burning in the baseline scenario and 
P+burn (i)  is the probability of burning in the increased fire scenario. The second scenario 
was created by decreasing the bum probabilities for each vegetation type according to the 
equation: 
Pburn- ( i )  = Pburn ( i )  /2 (2 . 12) 
where P-burn is the probability of vegetation type i burning in the decreased fire scenario. 
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For each set of burn probabilities, a single time series of fire maps was created by the 
fire model. These were then used as the basis for three 100-replicate runs of the vegetation 
succession model. That is, the time series of fires was constant across all 100-replicate runs 
for each fire scenario. The Calibration/Verification hydrology scenario was used for all fire 
scenario runs. 
The changes in the fire parameters resulted in corresponding changes in the area burned. 
The increased-fire scenario provides the highest area burned each year, the decreased-fire 
scenario gives the lowest area burned, and the baseline scenario is in the middle. Figure 
A. 30 shows a time series of area burned under each scenario as a percentage of the study 
area. Median fire size between scenarios over the entire 19 year simulation was significantly 
different (non-parametric, x2, test of medians, p = 0. 0004) .  
Differences in the response of the selected vegetation types to the fire scenarios were 
large, compared to the differences observed for the hydrologic scenarios. Three panel maps 
comparing the increased and decreased fire scenarios to the baseline show large and extensive 
differences for sawgrass prairie and cypress forests (see Figures A.22, A.2 3, A.2 6 and A.2 7 . 
Differences for muhly prairie and pine forests are not as dramatic (Figures A.2 4, A.25, A.2 8 
and A.2 9) . Patterns of differences are also apparent in the time series of percent cover by 
each vegetation type (Figures A. 31 through A. 34) .  
The response of sawgrass prairie is consistent with what would be expected from an 
increase or decrease in fires. Increased fires greatly increase the cover of sawgrass over time 
(Figure A. 31). Sawgrass prairies are a fire climax community, and increases in the area 
and frequency of fires create large areas that are suitable for this community. Decreases 
in fires also have the expected effect, decreasing the cover of sawgrass prairie. As fires 
become less frequent and burn less area, later successional species are able to outcompete 
sawgrass. The pattern is the opposite for cypress forests, which take a long time to grow. 
With increased fires, cypress forests become progressively more scarce as areas are reset to 
earlier successional stages by frequent fires (Figure A. 33). As fires decrease, existing cypress 
forests are able to persist, and succession to cypress forest, a late successional type, can 
occur. 
The patterns for muhly prairies and pine forests do not show the same magnitude of 
differences among fire scenarios as those seen for sawgrass and cypress forest. While a 
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decrease in fires results in more rapid loss of muhly relative to the baseline scenario, increases in fires do not result in consistent increases (Figure A. 32 ). This conflicting outcome is the result of the combined action of hydrology and fires. As shown in Figure A. 18, muhly is in decline under the Cal/Ver hydrologic scenario. An increase in fires is associated with an increase in the area burned by hot fires [ 12 9, 27] . This results in an increased proportion of muhly prairie being removed from the few locations where hydrologic conditions were still suitable. However, when hydrologic conditions are favorable for muhly prairie, increased fires can facilitate the increase of this type, as seen in years 198 6 through 1990 in Figure A. 32. This is the result of fires removing late successional communities, making open space for muhly prairies, an early successional type. These results from the model analysis of fire scenarios are robust in the sense that separate Monte Carlo simulations produce very similar results. The Monte Carlo simulation was repeated 32 times to obtain a distribution of the percent cover produced by the model for each vegetation type. The relative vegetation distributions between scenarios are very similar. When the projected distributions in 1999, the end of the simulation period, are compared spatially, and when they are compared temporally via time series plots of percent cover, results provide similar relative vegetative distributions. 
2.3 .1  Future Projects A number of ecosystem processes that are important to vegetation succession at the landscape­scale were omitted that could be included. Hurricanes, freezing, and edaphic factors all influence succession. Additional anthropogenic factors such as continued land use change could be included. In addition to land use change and hydrologic management, several non-native plant species have become established in south Florida. Many of these, including Brazilian pep­per (Shinus tembethenafolia), Melaluca (Melaleuca quinqueneruia) and Old World Climbing Fern (Lygodium microphyllum) are found in areas set aside for restoration. Some, like Brazilian pepper, have proven difficult to remove and have serious negative impacts [ 3 0] .  Understanding how hydrologic restoration will affect the distribution of non-native species is an important part of assessing the success of the overall restoration project. The ne xt major step for this model is to integrate it with the other ATLSS models. 3 9  
Integration will allow us to incorporate important indirect effects of hydrologic restoration on the fauna of the Everglades. Many of the species in the Everglades, such as the Cape Sable Seaside Sparrow, the Florida Panther, and wading birds have specific habitat requirements. Vegetation is a major component in defining the necessary habitats for these species and estimating how vegetation will change is an important part in estimating how these species will be affected by restoration. Results from the model also indicate that our current understanding of the relationship between plants and ecosystem processes is far from perfect. Further research is needed to refine the range and combination of environmental conditions that each vegetation type can tolerate. 
2.4 Conclusions The most striking pattern in the model results is than there is more variation in vegeta­tion distribution over time than among hydrology scenarios. Many of the vegetation types e xperience large shifts in their distributions, which are similar among the three scenarios. The similarity in the model results is a reflection of the similar hydrologic patterns for each scenario. Time series plots and maps of mean water depths, mean hydroperiods and other hydrologic variables further indicate a high degree of similarity among the scenarios ( Figure A. 35 ). The list of assumptions for the scenarios indicates substantial similarities [ 10]. A key similarity among the scenarios is the use of a common set of rainfall inputs. Rainfall is the natural process driving hydrology in the Everglades ( 6 7] .  Other natural factors that influence hydrology are also similar among the hydrology scenarios, including topography, vegetation, and edaphic factors [10] . In addition, there are many similarities in the water control structures and the management of these structures [10] . This is not to say the sce­narios are identical. There are, for e xample, differences in the management of hydrology along the border between WCA-2 and WCA- 3. The result of these differences can be seen in the altered distribution of sawgrass in this area ( e.g. Fig A. 7). From a landscape perspec­tive these differences are not very large or very e xtensive. Overall, the hydrologic scenarios appear to be very similar. The primary difference among the scenarios is future alterations to management of fresh 
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water and the inclusion of future increased water demands for urban and agricultural uses. However, there are a number of important natural processes that strongly influence hydrol­ogy and succession which have not been systematically addressed by restoration modeling. For e xample, changes in the El Nino/La Nina southern oscillation can affect patterns of rainfall, lighting strikes and fires [ 3) . The large change in the distribution of many of the vegetation types over time and differences among fire scenarios indicate that succession is sensitive to these kinds of changes. Together these results indicate that restoration plan­ning needs to consider the effects of future climate change along with the effects of future changes in land use and water demands. Incorporation of natural variation will allow the development of management plans that can accommodate these changes. The hydrology scenarios considered here are three out of dozens of scenarios that are being developed to evaluate various elements and combinations of restoration projects. A primary use of this model is to provide a relative assessment of the effects of these scenar­ios. With the creation of appropriate hydrology scenarios that include alternative climatic conditions, this model can also be used to separate the relative effects of processes such as climate change from anthropogenic effects such as increased demand for fresh water and management plans that balance the needs of humans and nature. In particular, this model can be used to understand whether or not restoration plans are sufficient to accommodate potential fluctuations in the environment. That is, the model can be used to address the question: Are restoration plans capable of producing changes large enough to accommodate natural variation in the system? In addition to evaluating the effects of different hydrology scenarios and separating the effects of human actions and climate, this model can be used to tease apart the effects of different ecosystem processes on succession in the Everglades. The model currently includes the effects of three ecosystem processes, hydrology, fires, and nutrient enrichment. This model can be used to understand the relative effects of these interacting processes. For e xample, nutrient enrichment is a significant problem in the northern Everglades. Several restoration projects are designed to reduce the concentrations of nutrients reaching natural areas. The nutrient model can be parameterized to reflect different projects and their relative effects on succession can then be evaluated using this model. This will allow project managers to estimate which projects or combination of projects are likely to have the largest 
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effect. In addition, the individual contributions of interacting ecosystem processes, such as 
hydrology and fire, can be evaluated, and the stability of a particular nutrient restoration 
plan with respect to variability in other processes can be evaluated. That is, the succession 
model can be used to determine if the effects of one project will be overridden by the effects 
of another, and how the relationships between the impacts of different ecosystem processes 
change as these processes are modified. 
The perspective this model provides is both spatial and temporal and will allow us to 
understand how the relative importance of ecosystem processes varies over space and time. 
For example, nutrients might be important in one area but not another because of changes 
in other ecosystem processes over space. The model also allows us to evaluate the effects of 
restoration over a range of spatial scales, from the entire ecosystem, to changes in a small 
patch that might be important for a specific population. 
This model provides a great deal of flexibility for understanding the effects of restoration. 
It can be used to evaluate the effects of interacting ecosystem processes, and to separate 
the relative importance of these processes. It can be used to evaluate how these effects are 
realized in space and in time. The basic framework of the model has been outlined and 
some initial applications presented. The model can be used to support restoration planning 
in many ways. The next important step is to start using it for these purposes as part of 
restoration planning. 
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Chapter 3 
A Landscape-scale Fire Model 
for the Everglades 
3. 1 Introduction 
Fire is one of the most important ecosystem processes in the Everglades. Charcoal found in 
soil cores indicates that periodic fires have occurred over the ecosystem's entire 6 000-year 
history [ 55 ]. Periodic removal of peat by fires has been suggested as a factor in limiting 
peat accumulation. Many species that characterize Everglades habitats are adapted to fires 
[14, 26, 4 6, 7 2]. Fires are instrumental in the creation, maintenance and alteration of many 
Everglades communities. Sawgrass marshes must burn every 2 to 3 years to exclude pioneer 
tree species and prevent transition to later successional communities. Pine savanna commu­
nities also require periodic fires to exclude hardwood species. During drought conditions, 
fires can burn soils, killing vegetation and lowering local topography by as much as 20 cm 
[1 30]. When water levels rise, these areas become ponds and can support completely differ­
ent plant communities [14, 4 6, 26). Alteration of the vegetation and topography also affects 
Everglades fauna. Wading birds have been observed to use newly formed ponds as foraging 
sites [1 31 ]. Fires improve forage for herbivores by stimulating the production of new plant 
growth [ 26 ]. Clearings created by fires have also been observed to be more readily used than 
surrounding unburned areas by a range of animals [ 26 ]. The endangered Cape Sable Seaside 
Sparrow will not nest in dense stands of Muhlenbergia filipes that result from the absence of 
fires. Removing these dense stands allows the regeneration of nesting habitat in the years 
following a fire [8 6] . 
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Fires are a very important factor in the creation of the highly patchy and heterogeneous Everglades landscape. Within the boundaries of a single fire, habitat is not uniformly burned. Local variations in soils, moisture, and vegetation results in unburned patches within a burned area [26] . The patchy distribution of fires interacts with other ecosystem processes to create a diverse landscape that includes grass prairies, pine savannas, cypress swamps, mangrove swamps, and several distinct tree island communities [ 14, 26, 72 , 8 7] .  The three basic factors that influence fires are ignition sources, biotic variables, and physical variables. The only natural ignition source in the Everglades is lightning, primarily from convective thunderstorms [26, 46, 55) . The density of lighting strikes in southern Florida can be as high as 8 0  strikes/km2 /year, most of which occur during the summer wet season [26] . The number of fires started by lightning strikes is difficult to estimate accurately because many occur in remote areas where they are less likely to be detected [26) . Anthropogenic sources are the largest recorded source of fires in the Everglades [26) . Fire is used, or misused, by people for a variety of reasons. Government service personal in the Everglades National Park, Big Cypress National Preserve, and other natural areas carry out managed bums primarily to help maintain natural communities [26] . Private land owners use fires to improve forage for game animals and to protect buildings [26] . The majority of fires, in terms of both numbers and area burned, are caused by the general public. The most common reasons for these fires are to improve forage and habitat for game animals and arson [26]. All fires started without the necessary permits are considered wildfires and are illegal [26] . Once a fire has started, a variety of biotic and physical processes influence the intensity, severity, and distribution of fires. Biotic factors include the types of fuels created by different types of vegetation and the structure of the fuels. The physical factors include wind, soil moisture, and humidity. At a broader scale, the management of fresh water in the Everglades has also had a profound impact on fires. Extensive drainage has made some areas more prone to fires. This can increase the area affected by hot, soil-burning fires that lower topography. It can also allow normally fire-free communities such as hardwood hammocks to be destroyed. The Everglades are currently the focus of a large restoration effort [ 32] . Goals of this project include attempts to return hydrologic patterns in the Everglades to pre-drainage 
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conditions while continuing to provide an adequate water supply for urban and agricultural areas. However, the Everglades have been substantially changed by the past 100 years of water management and human development. The response of the ecosystem to restoration efforts, and in particular the response of fires, is not clear [ 19, 6 9] .  A new spatially-e xplicit, landscape-scale model of fires in the Everglades is presented here. The model provides estimates of the total area burned by fires as well as the distri­bution of area burned on a yearly basis for most of the 9, 6 6 3 km2 of the remaining natural Everglades. The model includes the effects of many of the factors driving the distribution of fires, including landscape heterogeneity in hydrology, vegetation type, and fire history. The model can be used to directly assess the relative impacts of different hydrologic restoration scenarios on fires. This fire model is also linked to a vegetation succession model which can be used to evaluate the relative effects of restoration on vegetation as mediated by changes in fire. This model treats the spread of fire as a stochastic processes influenced by various bi­ological and physical factors such as vegetation type, hydrology, and wind. This is similar in some ways to the fire model of Wu et al. [ 13 6] .  Both models are spatially-e xplicit and both incorporate the effects of landscape heterogeneity in various biological and physical parameters that influence fires. Wu et al. [ 13 6] applies a more mechanistic approach to fires requiring estimates for the energy content of fuels, fuel loads, and parameters that relate fuel combustibility to humidity. The Wu et al. model was only applied to Water Conservation Area 2A (WCA-2A ) and for 5 types of vegetation. This significantly reduced the comple xity of estimating parameter values. E xpanding this to encompass the entire Everglades would be difficult because of the large number of different vegetation types present. The model presented here uses 2 0  vegetation types, each of which would require substantial parameter estimation in the Wu et al. approach. Rather than including this level of detail, here several factors are summarized in a single parameter, or parameters are based on factors that can be readily estimated from information reported in the available literature. While not as mechanistically precise as Wu et al. ( 13 6] ,  the model described here has the advantage of being more readily parameterized for the number and diversity of vegetation types across the Everglades. The model developed by Wu et al. ( 13 6] operates at a 15-minute time scale and at a 2 0x2 0 meter spatial resolution. This allowed evaluation of the effects of very 
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fine spatial features, such as air-boat trails, on the spread of fires in WCA-2A. The model presented here is designed to evaluate the effects of hydrologic restoration on the total area burned each year, for which a detailed mechanistic fire model is inappropriate. A description of the model is given, parameterization issues are discussed and the model is used to evaluate different hydrologic restoration scenarios. The sensitivity of model results to certain key model parameters is e xamined. Finally, application of the model as well as future directions for model use and development are described. 
3.2 Methods The design of the fire model has been guided by a number of conflicting concerns. On the one hand, a mechanistic model is desired that can estimate the spatial distribution of areas burned based on influential environmental factors such as fire history, the distribution of vegetation, and patterns of hydrology. This approach is both appropriate and necessary to capture spatial heterogeneity and provide reliable estimates of future fire distribution. On the other hand, the available data constrain model parameter selection because of the heterogeneity of the Everglades ecosystem. The available data upon which this model is based are of two types. Model input data include the output of the South Florida Water Management Model (SFWMM ) and the Florida GAP map, which provide information about spatial variability in the Everglades. The use of SFWMM is necessary since hydrology is a dominant factor in the Everglades, and output from this model is the accepted standard for estimating spatial and temporal patterns of hydrology in south Florida. The second type of data includes empirical data reported in the literature or recorded by government agencies. These data form the basis for estimating parameter values. However, these data are applicable only to portions of the Everglades and may not be wholly compatible with each other. This limits the empirical justification for incorporating finely detailed representations of natural fire processes and justifies the development of the limited mechanistic detail included here. The fire model presented here is designed to be coincident in space with the ATLSS veg­etation succession model. The study area for the fire model covers appro ximately 9,6 00 km2 and includes the remaining natural, undeveloped, portions of the Everglades (Figure B.l ). 
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Modeling over this entire area presents significant computational challenges, but is necessary 
to capture the dynamics of this interconnected system and to provide an assessment tool in 
which relationships between subregions can be evaluated. 
It is assumed that landscape-scale fire patterns can be estimated by modeling fire spread 
as a collection of local stochastic processes. The landscape is divided into a number of 
smaller, spatially-distinct units of equal size and shape. It is between these smaller units 
that the process of fire spread is simulated. In principle, the subdivision can take a number 
of different forms. However, it is convenient to match the subdivisions with those used in 
the vegetation succession model. Therefore, each unit within the fire model represents a 
500x500 meter plot. At this resolution approximately 73,000 plots are required to cover the 
ATLSS study area. The 500x500 meter plot size imposes a slight bias at the lower end of 
the distribution of total area burned, since the smallest non-zero area burned is 25ha. 
Both natural and anthropogenic fires occur in the Everglades, and both have important 
effects on vegetation [69, 73, 74]. The goal of the ATLSS fire model is to estimate the 
occurrence, location, and severity of naturally-occurring fires. Anthropogenic fires, including 
managed burns, arson, and accidental fires, result from different processes and may have 
different effects on the ecosystem, suggesting that these types of fires should be modeled 
separately. The focus here is on modeling natural fires. Incorporating anthropogenic fires 
and their effects could be done at a later stage of model development. 
Natural fires are divided into hot and cool fires. Hot fires are those that result in the 
death of trees and/or the burning of soils and peat material. These fires reset the successional 
process to "early" vegetation types. Cool fires are those that do not kill trees or burn soils. 
These fires burn only above-ground portions of plants and arrest succession at different 
stages of development depending on fire frequency. 
Each grid cell is represented by a stochastic cellular automaton (CA). At each time 
step this CA is in one of three states: unburned, burned by cool fire, or burned by hot 
fire. Transitions between these states are stochastic and depend on local environmental 
conditions and the presence or absence of fire in a neighborhood of each cell. 
Estimation of the spatial distribution of area burned for each year is carried out in three 
steps. First, the probability of burning, Pb, is computed for each cell in the landscape. Next, 
the number of lightning strikes and the number of resulting fires is computed. Finally, 
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the effects of prevailing winds are added and fires are spread from each burning cell to neighboring cells. The local burn probabilities, Pb , are determined for each cell based on the local environ­mental conditions, their interactions, and how these conditions change with time. The local environmental conditions include vegetation type, fire history, and hydrologic conditions. The type of vegetation present in a plot determines the maximum and minimum probability of burning, Pmax,v and Pmin,v, respectively. The effects of fire history and hydrology are used to identify a specific probability of burning within this range of probabilities. The probability that a particular cell will burn also depends on the effects of wind. This effect is based on the distribution of wind directions, which is the only global physical factor included in this model. The vegetation for each plot is determined by the ATLSS vegetation succession model [27]. Using the succession model as a source of vegetation information is a natural choice and provides feedback between the vegetation succession model and the fire model. The vegetation succession model classifies each plot as containing a single vegetation type. The vegetation types are based on those used by the Florida GAP project (Fl-GAP) for the Florida GAP map [ 8 9] .  Fl-GAP vegetation types follow the United States National Vegeta­tion Classification Scheme [ 44]. Using this classification scheme and the Fl-GAP map, each plot is assigned to one of 2 0  natural vegetation types that occur in the model study area. These vegetation types are listed in Table B. 1. While the range of burn probabilities is determined by the vegetation type, local fire history and hydrologic conditions determine the specific value within the range. The model captures two basic relationships between these physical variables and probability of burning. First, the probability of burning is low in the year following a fire, with probability increasing each subsequent year without fire until the ma ximum burn probability is reached. Second, wetter conditions tend to decrease the probability of fire while drier conditions tend to increase the probability of fire. The combination of these two factors is formulated as: 
Pb(i, t )  = [phist,v(/(i, t)) - Pmin,v] * [ 1  - CDFv(hp(i, t ) )] + Pmin,v ( 3.1) 
where hp(i, t) is the hydroperiod and /(i, t) is the number of years since the last fire in cell 
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i at time step t . The relationship between hydrology and the probability of fire, Pb(i ,  t) 
is shown in figure B.2. The function Phiat,v U(i, t) ) incorporates the relationship between 
fire history and the probability of burning. It is described by a piece-wise linear function 
similar to the one shown in Figure B.3.  In this function the probability of burning is at 
Pmin,v in the first year following a fire, where Pmin,v is the minimum probability of burning 
for vegetation type v. The probability of burning increases yearly until Pmax ,v is reached, 
which is the maximum probability of burning for vegetation type v. The parameter Tr,v 
represents the time required to return to the maximum burn probability after a fire occures. 
The equation describing the graph in Figure B.3 is: 
. (f) - { 
Pmin,v + [(pma;,v - Pmin,v )/(Tr,v - 1 )] * (/ - 1) if f � Tr,v 
Phist,v 
Pmax,v if f > Tr,v 
(3.2) 
where f is the number of years since the fire, and 1 < Tr,v for all v. If a vegetation type 
fully recovers to Pmax ,v in the first year following a fire then let Pmin,v = Pmax ,v , and Tr,11 
be any value greater than one. 
The term [1 - CDFv (HP(i,  t))] , describes the relationship between hydrology and the 
probability of burning, where CDFv (hp) is the cumulative distribution function for a nor­
mal distribution, N(µv , av 2) . The parameters for the normal distribution are based on 
hydroperiod preferences, H Pmin,v and H Pmax,v for vegetation type v. Here H Pmin,v and 
HPmax,v estimate the minimum and maximum hydroperiod tolerated by vegetation type v. 
The mean, µv is taken to be the center of the hydroperiod range : (HPmin,v + HPmax ,v) /2 .  
The variance, av 2 , is selected so that 95% of the normal distribution lies between HPmin,v 
and HPmax,v · 
Values for the independent model variable, HP(i,  t) , comes from an input file that pro­
vides the hydroperiod at each location i for each time step t. For the results reported here, 
the hydroperiod data are based on output of the South Florida Water Management Model 
(SFWMM). This is the standard hydrologic model for freshwater management and restora­
tion planning in south Florida. The model provides daily estimates of water depth at a 
2x2 mile resolution for the natural areas included in this fire model. A knowledge-based 
interpolation method developed by the ATLSS project is used to estimate 500x500 m reso-
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lution hydrology from the 2x2 mile SFWMM data. The approach redistributes water over 
a 500x500 meter resolution topography. The 500x500 meter data are then used to estimate 
the hydro period for each cell in each year. 
In the next step, the model determines the number of lightning strikes that will occur 
during the year. The number of lightning strikes is based on the empirical relationship 
between El Nino Southern Oscillation (ENSO) conditions and the number of lightning strikes 
in the Everglades reported by Beckage et al. [4]. The relationship used in this model is given 
by: L(ENSO(t ) )  = 367.2612 * ENSO(t ) + 23674.61 (3.3) 
where ENSO(t ) is the ENSO index for year t, (p=0.047, r2 = 0.4) .  The relationship 
in (3.3) is modified from that reported by Beckage et al. [4] . Parameter values for the 
original relationship were estimated based on data for a 3339 km2 area within the Everglades 
National Park. Since the fire model study area is larger, the parameter values in (3.3) were 
scaled by the ratio of the area of the model study region and the original empirical sampling 
area. 
Once the number of lightning strikes, L, has been determined, L grid cells are selected 
at random. Cells are selected with replacement and it is possible for a single 500x500 m 
grid cell to be selected more than once. With probability pz (i, t) , a single lightning strike 
will start a fire in a selected cell. The probability that a lightning strike will start a fire is 
formulated as: 
pz (i , t) = i * Pb(i, t) (3.4) 
where i is a scaling factor that represents the efficiency of lightning strikes at starting fires 
relative to Pb(i, t), the probability of a cell burning obtained from equation 3.1. The model 
assumes that i = 0. 1 for the results reported in this paper. This value resulted in a projected 
number of fires that is close to the actual number of fires estimated from fire data for the 
Everglades National Park (ENP) . 
Fire is then spread across the landscape using a percolation process in which fires spread 
from cell to cell based on each cells' probability of burning [60]. In a homogeneous land­
scape, where all the cells have the same probability of burning, the result would be entirely 
determined by the value of the common burn probability. For a common burn probability 
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less than the percolation threshold for a two dimensional grid (p � 0. 4072 ) [1 32], the result would be many small unconnected fires. For a common burn probability larger than the percolation threshold, the result would be a single large connected fire. However, in this model the probability of burning depends on local physical and biological factors, so the probabilities vary across space. The result is that some areas may e xperience many small disconnected fires while other fires may burn large areas. The distribution of these fires is related to features of the landscape, such as the distribution of vegetation, hydrologic pat­terns, and fire history. As a result, the behavior over the entire study area of this percolation process is different than the typical percolation process and is not easily characterized by a single threshold value. The factors that determine the burn probabilities also vary over time so that there is a different arrangement of burn probabilities and different outcomes for the percolation process each time step. During the fire spread process, each cell is placed into one of three temporary states: unburned, actively burning, or burned. Initially, all cells are placed in the unburned state. Lightning strikes cause some cells to move to the actively burning state. Starting with these cells, the model checks the eight nearest unburned neighbors. With probability Pw (i, t ), neighboring cells catch fire and are placed in the actively burning state. Once the eight neighbors have been checked, a cell is placed in the burned state. This cell is not processed again during the same time step and since it has already been burned, it can not re-burn as a result of fires spreading from other cells. The model then selects another cell in the burning state to update it and its neighbors. The process continues until there are no more cells in the burning state. The probability that a neighboring cell will burn, Pw (i, t ), is based on the value of Pb(i , t )  for that neighbor, adjusted for the effects of wind direction. The approach used to adjust for the effects of wind direction is based on the ratio of odds of burning with and without wind. Let Pw be the probability that a cell will burn with wind and Pb be as in ( 3. 1 ) and interpreted as the probability of burning without accounting for the effects of wind. The odds ratio of burning with and without wind, r, is given by: 
(3.5) 
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Solving for Pw gives: 
r * Pb 
Pw = -----r * Pb + 1 - Pb 
(3.6) 
which is the expression used in this model for the probability of burning that includes the 
effects of wind. The values of r are based on data for prevailing winds in south Florida. The 
prevailing wind data are given in Table B.2 and are based on unpublished data for wind 
direction (pers. com. Brian Beckage). These data give the percent of time the wind was 
blowing in each of the eight compass headings. The r values are estimated as the ratio of 
the data to the null expectation for wind direction. If d is the wind heading and W ( d) is 
the corresponding value from Table B.2, then r = W(d)/12.5. The resulting values for r 
are listed in Table B.2. The effect of using (3.6) is to increase the probability of burning for 
cells downwind of the fire source and to decrease the probability upwind of the source. The 
approach allows both the direction and strength of the bias to be adjusted while guaranteeing 
that the values of Pw remain bounded between zero and one. 
Classification of fires in each plot as either hot or cool is based on an empirical relationship 
reported in Wetzel (2002), page 34. This relationship provides an estimate of the area of 
hot fires based on the total area burned. A number of cells, equal in area and determined 
from the empirical relationship, are then selected at random from among the burned plots 
and classified as having experienced a hot fire. 
3.2 .1 Initialization and Parameterization 
The only model variable that needs to be initialized is the number of years since the last 
fire for each 500x500 meter cell. This is set to 0.5 * Tr,v, where v is the vegetation type from 
the Fl-GAP map. That is, the model assumes that the number of years since the last fire in 
each cell is half the recovery time, Tr,v for the current vegetation type, v. All other model 
variables, including the hydroperiods and distribution of vegetation types, are provided to 
the model based on their values for the first year. The model computes the distribution of 
area burned for the first year of the simulation based on the first year's hydrology and the 
initial distribution of vegetation. That is, except for the initial time since the last fire, the 
first time step of the model is like all subsequent time steps. 
Two methods were used to estimate model parameters. The first method based pa-
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rameter estimates on information reported in the literature. Wetzel [ 12 9] summarized the literature pertaining to habitat preferences for Everglades plant communities. Values re­ported by Wetzel [ 12 9] were used to estimate values for H Pmax and H Pmin , the ma ximum and minimum hydroperiod preferences for the vegetation types used in the Fl-GAP [ 8 9]. Wetzel [ 12 9] was also used as the basis for parameter estimates for Tr for the Fl-Gap vege­tation types. The parameter values are summarized in Table B. 1. Estimating values for the remaining model parameters involved fitting the model output to the fire data for the Everglades National Park (ENP). The approach taken here is a compromise between two conflicting concerns. The first and overriding concern is the need for a simple and computationally fast approach to estimating model parameters. This required analyzing the empirical data to determine the appropriate characterizations and uses of the data. An approach for parameterizing the model was designed and implemented. Finally, the necessary model output was obtained and the results compared to the empirical data. At the same time, it was important to obtain as much variability as possible in the burn probabilities between vegetation types. Ideally, each vegetation type would have a separate value for the burn probabilities, Pmax and Pmin · The conceptual approach was simple and commonly applied. Model output for a range of parameter values was compared to observational data describing the number, size, and timing of fires in the Everglades National Park. Parameters were varied to find the values that resulted in the smallest differences between model output and the ENP data. However, the combination of time constraints, problem size, and availability of computer time resulted in an approach that was nonintuitive in implementation and detail. The approach reported on here makes a number of simplifying assumptions. First, the ENP fire data were characterized by two quantities: the average fire size, SEN p and the number of fires, N EN p that occurred between 198 1 and 1995, inclusive. This compresses a great deal of potentially important variability present in the fire data. However, more elab­orate characterizations of the data would require equally elaborate methods for comparing model output to data. Time constraints did not allow a more e xpansive treatment of the parameterization to be adequately implemented and tested. Model output was summarized in a similar manner. Only model output from ENP between the years 198 1 and 1995, inclusive, was used to compute the average fire size 
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and number of fires. The stochastic aspect of this model required additional steps to obtain 
appropriate estimates for the average model-based fire size Smodel, and the number of model­
based fires, N model .  To obtain an estimate of the central tendency of the model a Monte 
Carlo approach was used. The average area burned and the number of fires that occurred 
within the ENP between 1981 and 1995 were computed for each replicate run. These values 
were then averaged over the replicate runs to estimate the central tendency for the average 
fire size and number of fires. That is, for a single set of replicated, Monte Carlo runs the 
average fire size was computed as: 
R 
Sm()(jel = (l/R ) L Smooei(r) (3.7) 
r=l 
and the average number of fires was computed as: 
R 
Nmodel = (l/R ) L Nmodel (r) (3.8) 
r=l 
where Smodet (r) is the average fire size for Monte Carlo replicate r · and Nmodel (r) is the 
number of fires for replicate r. R is the total number of replicates. 
The values for Bmodel and N model were used to compare model output to the ENP fire 
data. The differences between the model and ENP data are formulated as: 
J(p, 1') = L[(S ENP - Bmodel (P, ")'))2 /2Smax + (N ENP - N model (P, ")'))2 /2Nmaz] (3.9) 
'Y 
where Smax and Nmax are the largest squared difference between the model output and 
the ENP data. The differences in average fire size and number of fires have difference 
scales and different units. The terms Smax and Nmax are normalizing factors that make the 
differences dimensionless and their ranges comparable. The two normalized differences are 
then averaged together before being summed. For each parameter combination the value 
of (3.9) was evaluated. The various parameter combinations explored are indexed by p. 
For reasons that will be described below, the number of replicate runs, R, that could be 
evaluated at any one time was limited to 10. That is, for each combination of parameters, p, 
estimates of Bmodel and N model were based on just 10 replicate runs. For this reason, each 
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parameter combination is represented by multiple IO-replicate Monte Carlo runs which are inde xed by "Y · The ne xt set of assumptions reduced the number of parameters that had to be estimated. Attempting to estimate values for all 40 Pmax and Pmin parameters would have required a sophisticated and efficient optimization technique. Previous e xperience with optimization involving spatially-e xplicit dynamic models indicated that efficient algorithms are difficult to implement and require significant computational resources (27]. These techniques do not come with guarantees that the global optimum will be found [ 3 3, 117] ,  even if one could be shown to e xist. The first 8.$Umption is that Pmin = 0 for all the vegetation types. In combination with ( 3.1) and ( 3.2 ), this means that fires will not burn in the same place two years in a row. For several vegetation types this is not an entirely unreasonable assumption. Fuel accu­mulation in forest communities can be slow and fire return intervals for these communities are typically much longer than a single year (2 6] . For grass communities, such as saw­grass marsh, this assumption is less appropriate since species in these communities resprout vigorously following fires [ 72]. However, even these communities typically e xperience fires every 3 to 5 years [2 6] and in the interest of e xpedience this 8.$Umption was used for this parameterization procedure. Ne xt, the vegetation types were divided into five burn groups. The vegetation types were subjectively divided based on characteristics related to fires for the species represented by each vegetation type. Generally, these groups represent commonly recognized divisions among Everglades plant communities[ 14, 45, 72]. For e xample, all of the grass or grass­like vegetation types, such as sawgrass marsh and muhly prairie, were placed together in one group. Other groups represent hardwood communities , pine communities , shrub communities, and freshwater aquatic communities. Column 5 of Table B. l specifies the burn group to which each vegetation type was assigned. All vegetation types within a burn group are assumed to have the same Pma% value. · This reduces the number of parameters that need to be estimated from 2 0  to 5. For convenience of discussion, these five parameters are labeled Pgrass, Ppine, Phardwood, Pshrub, and Paquatic · To further simplify the process the value of Paquatic is assumed to be zero. While this is likely not completely accurate, these aquatic vegetation types prefer very long hydroperiods. They only occupy locations 
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that remain wet for most or all of the year, which would tend to e xclude fires from these locations. In addition, these vegetation types cover only 0. 54% of the model study area, making their contribution to the total area burned and total number of fires quite small. These assumptions allowed the parameter estimation process to be based on a complete enumeration of all the possible parameter combinations. For each of the burn groups, the burn probability was checked from O to 1 at 0. 1 intervals. The parameter estimation procedure checked all 114 = 146 41  possible combinations. Since the runs for each combination are independent of each other, the process has a natural parallelization. The combinations were divided into a number of sul:rsets and each was run on a separate computer with 32 computers each processing 458 combinations. One of the computers processed 443 combinations to account for the rounding up performed when determining the number of combinations per computer. The computers used were a cluster on the grid computing resource operated by the Scalable Intracampus Research Grid (SlnRG ) project at the University of Tennessee. Each of the computers is a 3.2GHz Intel Xeon processor running Linu x version 2. 6 . 10. Using these computers it took 10 hours to check all 14 6 41 parameter combinations based on 10 replicate runs. Parameterization runs could not be substantially e xpanded because of limitations imposed by SlnRG use guidelines. To minimize the effects of these limitations and to obtain a better estimate of model parameters, the entire parameterization process was re-run 10 times. That is, for each parameter combination 10 separate estimates for the average fire size and number of fires, based on 10 replicate Monte Carlo runs, were obtained. This process produced initial rough estimates for the burn probabilities. These estimates were refined by rerunning the parameterization procedure over a restricted range for each parameter. The lower limit is the initial rough estimate minus 0. 1 and the upper limit is the rough estimate plus 0. 1. This gave a search width of 0.2 for each parameter which was e xamined at 0. 02 intervals, with all combinations being e xplored. This resulted in a new round of 146 41  parameter combinations, which were also run in parallel in the same manner described above. The parameterization process was re-run 10 times and the value of 
J based on ( 3. 9) was computed for each parameter combination. The combination with the smallest J-value is listed in Table B. 1. Since each additional refinement using this procedure required an additional 100 hours of time on the computer cluster, no additional refinement 
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was performed. 
3.3 Results Model results are presented to address three sets of questions. First, how well does the model reproduce historical fire patterns? Sec01;1d, how sensitive is the model to key model param­eters? Finally, what are the potential effects of different hydrologic restoration scenarios on the distribution of timing of fires in the Everglades? To estimate model parameters, the model was fit to data based on statistics that aggre­gated spatial and temporal heterogeneity and did not utilize information on the distribution of fire sizes. Here we evaluate model results based on more detailed representations of the ENP data and model output. The ENP data do not include the location of each fire, so a detailed spatial analysis is not possible. The ENP data do provide an estimate of the dis­tribution of fire sizes, as well as an estimate of total area burned within ENP for each year. In order to obtain compatible information from the fire model, a minor change was made that allowed the model to identify individual fires. This involved assigning a unique inde x to each 500x 500 meter cell struck by lighting. This inde x is then copied to each additional cell that burns as a result of fire spreading from a particular lightning strike. The model was also modified so that burning cells were updated in random order to avoid creating a bias in fire sizes based on the order of update. For comparison to the ENP fire data, model output is restricted to fires that occurred within the boundaries of the ENP and limited to the years 198 1 to 1995. Figure B.4 shows the distribution of fire sizes for the ENP data and for the fire model. The y-axis in this figure has been log transformed to make the difference in the histograms at larger fire sizes more apparent. The last bin, labeled "> 2 8 00" contains all fires larger that 2 8 00 ha in size. The range of fire sizes used in the histogram was based on Sturge's rule and guidelines for applying a Chi-squared test for goodness of fit ( 115]. Since the fire model is stochastic, the model-based distribution is based on 10 replicate runs of the fire model. A histogram was created from this data, and the number of fires in each range was divided by 10. Both the model and ENP data show a large number of small fires with numbers rapidly decaying at progressively larger fire sizes. The model does not produce as many 
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fires in the smallest size category ( 0- 400 ha ) as observed in the ENP data. The model also tends to produce more intermediate-sized fires ( 400 - 2 8 00 ha ) than those reported in the ENP data. A statistical comparison of the goodness-of-fit between the model and the ENP data indicate that the distributions are significantly different (Chi-Squared test, x2 = 18 7.5, DOF= 7, p < 0. 0001). Figure B. 5 shows the time series of area burned for the model output and for the ENP data. In detail, the area burned projected by the model does not match the area burned observed in the ENP data. In 198 1 7 7 00 ha were burned according to the ENP data, followed by progressively fewer hectares burned in the following three years. By contrast, the model projects only 142 ha burned in 198 1, followed by two years of increasing area burned and finally a decline to 117 ha in 198 4. In subsequent years, the area burned projected by the model differs from the observed area burned. However, e xcept for the first four years, the general trends in the area burned projected by the model are similar to the general trends in the ENP fire record. From 198 4 to 1992, both the model and the ENP data have two cycles of increasing and decreasing area burned, followed by four years of consistently small area burned from 1992 until 1995. These general trends, while not perfect in detail, provide encouragement that the model is a reasonable representation of broad-scale fire occurence. The similarities in Figure B. 4 and B. 5 suggest that the initial performance of the model is reasonable. While these indicate a number of differences between the model projections and observed fires, it appears that the model is functioning appropriately. In developing the model, the values for four model parameters, the ma ximum burn probabilities for the grass, hardwood, pine, and shrub burn groups were estimated by fitting the model to the ENP fire record. While the estimated parameter resulted in mean fire sizes and annual number of fires that most closely matched similar values for the ENP data, it is not clear how important these specific values are to model performance. To address this, the model was rerun for a range of values for each of the four ma ximum burn probabilities. For this comparison the results based on the estimated values form the baseline results. Model results for a 10% increase and decrease in each burn probability are compared to the baseline results. The grass burn group covers the largest area within the study area ( 6 6% )  and variations in the burn probability for this group will have the largest influence on model results. For this reason model results are also shown for a 2 0% increase and decrease in 58 
this group's burn probability. Figures B.6 through B. 8 show the area burned as a function of time for the baseline case along with the specified parameter variations for the grass, pine and hardwood groups. These differences are summarized in Table B. 3, which lists the percent difference in total area burned between the baseline burn parameter values and a set of alternative burn parameter values. The total area burned is the result of summing the area burned over space and time. The baseline parameter values are those listed in Table B. 1. Each alternative is based on increasing or decreasing the ma ximum burn probability for a single group. The grass burn group shows the largest percent difference in total area burned as a result of changing the maximum burn probability. Changes in the ma ximum burn probability for the other burn groups produce substantially smaller differences in area burned. This is to be e xpected since the vegetation types that make up the grass burn group have a larger percent cover within the study area than any of the other burn groups. There is a nearly one-to-one relationship between the change in the burn probability for the grass burn group and percent difference in the area burned when compared to the baseline result. To simplify the model and the parameter estimation, the model assumes that Pmin,v = 0 from ( 3.2 ) for all vegetation types, v. As previously noted, this assumption is convenient, but may not be entirely appropriate. To test the effects of this assumption, model results based on two alternative values for Pmin are compared to results based on the initial assumption. The alternative values for Pmin are applied to the grass burn group for consistency with ear lier results. The results for variation of Pmax suggest that varying Pmin for other burn groups will result in very small differences in model results. The alternative assumptions provide a 5% and 10% chance of a cell burning in the year following a fire. This arises from setting Pmin,grass = 0.05 and Pmin,grass = 0. 1 for the vegetation types in the grass burn group (see Table B.l). All other parameters were set as listed in Table B . l  and Cal/Val hydrology was used. Figure B.9 shows the time series for area burned for Pmin,grass = 0 and the two alternative Pmin,grass levels. Increasing the minimum burn probability for the grass burn group increased the total area burned, with Pmin,grass = 0.1 resulting in a larger increase than Pmin,grass = 0.05. On average, a minimum burn probability of 0.05 resulted in an additional 12 000 hectares burned by fires over the 15-year period. At the 0. 1 level, the minimum burn probability resulted in an average increase of 3 1000 hectares burned by fires over the 15-year period. 
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The model assumes that the probability that lightning will start a fire is given by Pl = 
0.1 * Pb (see ( 3.4 ) ). So the probability of a lightning strike starting a fire is a fraction of 
the probability of a 500x 500 meter cell burning. Beckage et al. (4) indicate that in the ENP 
there are many more lightning strikes each year than fires. Duever et al. (2 6) also indicate 
that the number of lightning strikes in Big Cypress National Preserve exceeds the number 
of fires. Based on this, the probability of lighting starting a fire should be a relatively small 
number. The relationship used here results in values for Pl ranging between O and 0. 08. 
That is, there is at most an 8% chance that lightning will start a fire, and the average 
probability is lower, depending on local environmental conditions. To explore the effect of 
this assumption on model results two alternatives for Pl = 0. 01 * Pb and Pl = 0.2 * Pb are 
analyzed. Figure B.10 shows the model results for equation 3.4 along with the two variants. 
When the probability of lightning starting a fire is lower, Pl = 0. 01 * Pb, the average area 
burned decreases by 5 7% (2 3, 000 ha ). For Pl = 0.2 * Pb, the average area burned increases 
by 2 8. 5% ( 7 8 00 ha ). 
One of the key uses of the fire model is to provide a tool for evaluating the relative effects 
of different hydrology scenarios. Different scenarios make different assumptions about how 
fresh water will be managed to meet natural and human requirements in south Florida. 
For example, a number of restoration projects include changing individual water control 
structures. The regional-scale consequences of these changes on the distribution of fresh 
water are estimated using hydrologic models. Hydrologic models are also used to estimate 
the effects of future increases in the population of south Florida on the management of fresh 
water. Differences in scenario assumptions result in differences in the timing and distribution 
of water throughout the Everglades ecosystem. The relative effects of these scenarios on 
fires can be evaluated using this fire model. 
The fire model was used to evaluate the relative differences between three alternative 
hydrologic scenarios. Two of these scenarios are projections of future hydrologic patterns 
that that include the effects of increased demand for fresh water resulting from growth in 
the urban and agricultural sectors. However, they differ in their assumptions about how 
water will be managed. These scenarios differ in their assumptions about the future extent 
of hydrologic restoration. One scenario assumes that only those restoration projects and 
practices in place in the year 2 000 are operational. This scenario is commonly referred 
6 0  
to as "2 000 base" (2 000Bl), following the nomenclature used by the The Comprehensive Everglades Restoration Plan (CERP) project [ 10] . The second scenarios, 2 050 base (2 050Bl) reflects potential hydrologic patterns that would result if regional conditions were set to those that are projected to e xist in the year 2 050. . Hydrology data for both of these scenarios are based on output from the South Florida Water Management Model (SFWMM ). This is a mechanistic model of hydrology for south Florida. It includes the effects of water control structures and the management of these structures on the flow of fresh water in both the natural and human-dominated portions of south Florida. The model projects the stage height of water for 17 45 2x2-mile grid cells on a daily basis. These data are transformed in two ways to obtain data for the fire model. First, the data are used to create hydrology at the 500x 500 meter resolution. This involves distributing the projected volume of water from the SFWMM over a 500x 500 meter resolution topography. This process is handled by a separate model that assures the physical assumptions of the SFWMM are not violated in the process of interpolating the hydrology. The second step involves converting the daily 500x 500 meter resolution hydrology data into yearly estimates of hydroperiod. Hydroperiod is the number of days in which surface water is present. The third scenario is the Calibration/Verification (Cal/Ver) run of the SFWMM. This is the scenario produced to estimate and test parameters for the SFWMM. The param­eter estimation processes is based on fitting output from the SFWMM to historical data obtained from gauging stations positioned throughout south Florida. As a result of the fitting processes, the Calibration/Verification run is generally considered to be the scenario run that most closely reflects recent historical patterns of hydrology in south Florida. This scenario is similar in design to the Cal/Val data used to estimate the fire model parameters. However, for several reasons they are not identical. The SFWMM was updated in a number of ways between the time the Cal/Val data were created and the creation of the Cal/ Ver data. These included changes in the placement and management of water control struc­tures, refinements to the topography [ 51] , and changes to the rainfall inputs to the model [ 10] . These changes result in differences between the Cal/Val and Cal/Ver scenarios. Due to the evolving nature of the SFWMM and the fire model over the past few years, the different scenarios have been put to different uses. The Cal/Ver that is compared to the 2 000Bl and 
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2050Bl scenarios was not available during the fire model parameterization processes. On 
the other hand, hydrology scenarios consistent with the model assumptions used to create 
the Cal/Val data were not available. 
The three scenarios presented here are compared using a relative assessment approach 
developed for other ATLSS models. This approach is based on two important principles. 
First, emphasis is placed on comparing model results relative to each other rather than to 
an independently-defined ecological standard. This is important in part because the model 
results are an estimate of the future state of fires that would result if only those factors 
included in the model are changing in space and time. Factors excluded from the model are 
assumed to be constant in effect. That is, the model results are projections of the future 
state, as opposed to predictions, which would be estimates about the actual future state 
of the system and are not qualified by assumptions about the effect of factors excluded 
from the model. Casting model results as projections, as distinguished from predictions, is 
an acknowledgment that there are factors that may influence fires that have been excluded 
from the model [ 9]. This means that comparing model results to an independent standard is 
difficult because the relative contributions of included factors and excluded constant factors 
cannot be determined. 
Comparing model results to each other also controls for the effects of model assumptions. 
Model outputs are the result of assumptions in both the fire model and the hydrology model 
as well as the assumptions used to create specific hydrology scenarios. The complexity of 
the spatial stochastic process used in the fire model makes it difficult to attribute differences 
between the model output and an independent standard to either the details of a specific 
restoration scenario, which is of principal interest to the Everglades restoration effort, or 
the assumptions of the model. Comparing the model results to each other, rather than 
an independent standard, controls for the effects of model assumptions in both the fire 
model and the hydrology model. Observed differences between model outputs can then be 
completely attributed to differences in the hydrology scenarios. These differences can then 
be used as a basis for ranking the scenarios and guiding the selection of management plans 
that best fulfill restoration goals. 
The second important principle of relative assessment is an emphasis on evaluating 
output based on the spatial data produced by the model, rather than spatially aggregated 
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summary statistics. This approach grew out of e xperience with analyzing output from other ATLSS models [ 15, 2 0, 34] .  Spatial analysis often revealed important differences between scenarios that are concealed when the data are condensed into one or a few summary statistics. Methods that account for differences by weighting some areas more heavily than others can be devised, but it is e xtremely difficult to choose a method that is applicable to the scientific, regulatory, managerial, and other concerns in the Everglades, which vary among stakeholders. For these reasons, the full spatial results from the model are preserved, allowing each user to apply their own e xpertise, judgement, and objectives to interpreting and summarizing results. Spatial output from the model is visualized and analyzed using three-panel maps that show results from two scenarios and the difference between the scenarios. This is a stan­dard approach developed for the ATLSS project for visualizing model output. Figures B. 12 through B. 17 are formatted to this standard. The left-hand panel shows results for the alternative scenario, which is compared to the baseline scenario shown in the right-hand panel. The central panel shows the difference between the baseline and alternative scenar­ios. Labeling scenarios as either "baseline" or "alternative" stems from the relationship between the hydrology scenarios. Usually one hydrology scenario represents baseline condi­tions, such as historical hydrologic patterns. The other scenario represents the results from various alternative restoration scenarios. Assignment of a scenario to either the baseline or alternative category is fle xible and is adjusted to fit particular questions. A common color scale is used to display the value in each map. The maps for the base and alternative scenarios are colored from blue to red. Locations with low percent area burned are colored blue, intermediate percent area burned are colored in greens and yellows, and high percent area burned are colored red. In the difference maps, negative differences that reflect areas where the alternative scenarios indicate less area burned than the base scenario are colored blue. Positive differences in the difference map, areas where the alternative scenario indicates more area burned relative to the base scenario, are colored yellow. The color scheme used for the difference maps is designed to accommodate people with certain types of color blindness [2 0] .  Since the fire model is stochastic, model results are based on a number of replicate runs. All results presented here are based on 10 replicate runs of the model. Results for the 
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replicate runs are compiled into a set of raster maps, one for each year in each scenario. The value in each cell is the percent of replicate runs in which a fire occurred in that location. These maps provide insight into the variability of the model and can be interpreted in a number of ways. For the analysis presented here, the percentage is interpreted as the fraction of area burned within the 500x 500 meter cell. This provides a convenient and ecologically meaningful conte xt for understanding the results. Figure B . 11 shows the yearly total area burned for the three scenarios. This indicates that the areas burned under the scenarios are largely similar. On average, there is less than a 7% difference in the yearly area burned between scenarios. However, the spatial aggregation of the data, performed to obtain these plots, along with the scale of the area burned, tends to conceal potentially important differences between the scenarios. Figures B. 12 and B. 13 show three-panel maps comparing Cal Ver to 2 000Bl for 198 4 and 198 8, respectively. As these figures show, there are substantial differences in the distribution of fires between the scenarios. In 198 4, the 2 000Bl scenario results in an e xpanded area burned by fires in the ENP, compared with the Cal/Ver run. On the other hand, the Cal/Ver scenario results in a larger area burned in the northern portions of the Everglades. In 198 8, there are also potentially important differences between the Cal/Ver and 2 000Bl scenarios. Most notably, the Cal/Ver scenario results in almost all of the A.R. M. Lo xahatchee National Wildlife Refuge (Lo xahatchee) being burned by fires, while the 2 000Bl scenario results in very little of this area being burned. In other years, such as 1982 and 1994, the spatial differences between the scenarios are small, as shown in Figures B. 14 and B. 15. In both of these years, the total area burned is rather small. These are also years with the longest average hydroperiods, 3 09 and 3 11 days respectively, compared to the short average hydroperiods, 2 09 and 2 04 days, occurring 198 4 and 198 8. Here, average hydroperiod is calculated by taking a spatial average over the model region of the number of days of standing water. Over the 15-year period covered by the model, long average hydroperiods are typically associated with relatively small differences in the spatial distributions of area burned. On the other end of the hydrologic spectrum, the years with relatively short average hydroperiods are associated with large differences in the distribution of fires between scenarios. Comparing the spatial distribution of area burned for the Cal/Ver and 2 050Bl scenarios 
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also shows substantial differences in years that appear similar based on total area burned. Figure B. 16 and B. 17 show the differences in the area burned for these two scenarios for 198 4 and 198 8 respectively. These figures indicate that there are differences across much of the study area. In 198 4 there are a number of differences between the scenarios within the ENP, including increases in the area burned under 2 050Bl along the area around Long Pine Key and the northern end of Shark River Slough. However, 2 050Bl also results in a reduction in the area burned, compared to Cal/Ver, in several areas, including the northern-most end of Shark River Slough, and the northern portion of the Everglades. In 198 8, the scenarios also show a number of large and important differences, including substantially more area being burned under 2 050Bl in Water Conservation Area 3A and the northern end of Shark River Slough. As in the 2 000Bl scenario, 2 050Bl results in a substantially smaller area burned in Lo xahatchee compared to the Cal/Ver scenario. In 198 4 and 198 8 hydroperiods were relatively short under both the 2 050Bl and Cal/Ver scenarios (see Figure B. 18 ) . In years with relatively long hydroperiods, such as 198 1 and 1992, the spatial differences between the scenarios in terms of the area burned are much smaller. The relatively long hydroperiods in the wet years tend to drive the burn probabilities, across the entire landscape, toward the common minimum established by assuming that Pm in = 0 for all the vegetation types. This results in relatively consistent patterns of burn across scenarios. Years with shorter hydroperiods result in more spatial heterogeneity in the distribution of burn probabilities. In the years with short�r hydroperiods, spatial variation in the burn probabilities is created by a number of factors. The shorter hydroperiods interact with the different hydroperiod tolerances, H Pmax and H Pmin from ( 3. 1), to create a much more diverse distribution of burn probabilities across the landscape. Even for a single vegetation type, such as sawgrass marsh (Fl-GAP type 43 ), hydroperiod differences from location to location across the landscape result in different burn probabilities. Finally, when hydroperiods are shorter, the effect of different ma ximum burn probabilities, Pmax, for the different burn groups results in variation across the landscape. 
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3.4 Discussion The results from the sensitivity analysis show that variation in key model parameters results in a uniform increase or decrease in the annual area burned. Changing these parameters does not change the basic temporal pattern. For e xample, graphs for all the sensitivity results show peaks in the annual area burned in 198 3, 198 6, and 1990, troughs in 198 1, 198 4, and 198 7, and consistently low area burned from 1992 to 1995 ( e.g. Figure B. 6 ). The synchronization suggests that a specific, common, temporal pattern is responsible. Figure B. 5 shows the annual mean hydroperiod for the Calibration/Validation scenario and the annual area burned for the basic model. The correlation between the the area burned and mean hydroperiod is strong (r2 = 0. 82 ) and negative ( slope = - 3 55, p < 0. 0001 ). This is not completely surprising since ( 3. 1) assumes a negative relationship between the probability of burning and hydroperiod. The strength of this relationship across a range of different parameter values indicates that hydrology is a dominant factor within the model. The relationship between the area burned and hydrology provides one possible e xpla­nation as to why the fire model departs from the ENP fire record during the 198 1 to 198 4 period. The hydrology data show a single cycle of decreasing and increasing hydroperiods from 198 1 until 198 4, with the shortest average hydroperiods occurring in 198 3. The fire model tracks these changes to produce the cycle of increasing and decreasing area burned from 198 1 to 198 4 with a peak in 198 3. The model departs from the ENP fire data in this period because the hydrology is not consistent, from the perspective of the model, with a period of low annual area burned. This initial period contrasts with the rest of the model period in which the model and the ENP are more consistent in the general pattern of increasing and decreasing area burned. The contrast is informative and suggests that an alternative mechanism is important during this period. For e xample, the initial conditions for the model may not be correct. The ENP fire data show that appro ximately 2 5, 000 ha burned in 198 1. This would indicate that the model should be initialized with appro ximately 1000 cells burned in 198 1. However, this is not how the model was initialized. Instead the model computes the area burned in 198 1 based on environmental conditions present in that year. The only initialization performed for this model involved setting the number of years since the last fire for each cell, based on the local vegetation type. Such recent fires would 
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have reduced the area burned in the ne xt few years, since, as ( 3.2 ) indicates, some amount of time is required to return to the ma ximum burn probability. Other factors, such as the values of other model parameters, including the recovery time Tr from ( 3.2 ), may also play a role in e xplaining the initial discrepancy between the model and the ENP data. A benefit of developing the fire model is that different hypotheses about the relationship between the various physical and biological factors and area burned can be e xplored more easily and in ways that are difficult or impossible to do otherwise. E xperimentation with the model can help identify factors contributing to other departures between the model and the ENP data. For e xample, in the 19 8 7  to 1992 interval, the timing of the peak area burned projected by the model is late relative to the peak observed in the ENP data. Further refinements to the model may provide a better fit to the ENP fire data and suggest additional factors driving fires, may provide insight into how factors interact, or how their importance changes over time. The sensitivity analysis indicates a number of model refinements that might lead to better correspondence between the model and data. Changes in Pmax,grass have the largest effect on model output. This is not surprising since the grass burn group covers approximately 6 6% of the study area. This indicates that future refinement of the model should be focused on this group. One refinement is to derive independent estimates for one or more of the vegetation types that make up the grass burn group. The results indicate that increasing the lightning strike efficiency does not make large differences to the critical output of this model, total area burned. At £ = 0. 1, enough fires are started to allow every location that is likely to burn to catch fire. However, a more e xtensive e xamination of the the results relative to this factor may help provide a better fit between the distribution of fire size produced by the model and those recorded in the ENP fire data. For e xample, results from the large value for £ resulted in more individual fires with smaller mean fire sizes, which would seem to provide a better fit to the ENP data, which shows more small fires than the current model results. This would also tend to reduce the average fire size, though, which would indicate that the ma ximum burn probabilities should be re-estimated. The fact that Pmin has a large effect on model results indicates that benefit could arise from further efforts to estimate this parameter, either from a data-fitting procedure or based 
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on information reported in the literature. Again, it may be important to divide the grass 
burn group into subgroups or obtain individual estimates for the other Fl-GAP vegetation 
types. 
A comparison of the fire model results for the Cal/Val scenario to those based on the 
Cal/Ver scenario indicates how critical hydrology is in driving the temporal pattern of fires 
(see Figure B.19). Using an appropriate hydrology data set for parameterizing the model 
is essential. The differences between the Cal/Val and Cal/Ver scenarios reflect differences 
between two versions of the SFWMM. A complete analysis of the difference between the 
versions of the SFWMM is an important part of selecting the appropriate hydrology upon 
which to parameterize and validate the fire model. Part of the future development of the fire 
model should include an analysis of the differences between the versions of the SFWMM. 
Here the Cal/Val results from version 3. 7 of the SFWMM were taken as the appropriate 
basis for model parameterization and verification. This choice is based in part on the fact 
that the Cal/Val scenario hydrology results in a time series of area burned that is more 
consistent with the ENP data, and in part based on a more complete understanding of the 
Cal/Val data set. The Cal/Val scenario hydrology has been more extensively analyzed and 
the extent to which it reflects historical patterns of fresh water and the ways in which it 
departs from the historical pattern are better understood. Yet it is frustrating that the two 
scenarios which are supposedly the best estimates of historical patterns of hydrology provide 
such large differences in fire model results. 
In attempting to obtain a better fit between the model and the ENP fire data, there are 
three basic results from the model that warrant immediate attention. First is the departure 
of the model from the ENP fire data during the initial, 1981 to 198 4 period. The second is 
the mismatch in the timing of the pea k area burned during the 1988 to 1992 period. The 
third is the mismatch between the distribution of fire sizes produced by the model compared 
to those observed in the ENP fire data. 
As noted above, the mismatch in the timing of area burned is being driven by hydrology. 
One potential answer to this is to examine alternative model formulations that reduce the 
dominance of hydrology and allow other factors, such as fire history, to become relatively 
more influential. 
Care needs to be exercised in making adjustments to the model formulation to better fit 
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data. The assumptions that underlie a particular hydrology scenario are also contributing 
to the overall pattern of fires. For example, previous work with the output of the SFWMM 
indicate that even the scenarios that reflect historical hydrologic patterns depart signifi­
cantly from reality as determined by historical records from gauging stations. Among other 
departures, the SFWMM model tends to dampen extremes of water depth and hydrope­
riod during periods of severe drought and flooding. Hydrologic extremes are an important 
aspect of the Everglades ecosystem and for fires in particular [26, 46] . It is important to 
understand how errors in the hydrology inputs contribute to errors in the fire model. A 
model that produces the "correct" patterns of fire based on limited inputs would provide 
little insight into the mechanisms driving fires in the Everglades. Such a model would also 
provide little assistance in evaluating the effects of different restoration scenarios. A more 
complete error propagation analysis than was attempted here would be appropriate. 
Recently, Grimm et al. [43] have proposed a methodological framework for evaluating 
complex, bottom-up ecological models that can potentially be applied to this fire model. 
The framework they outline is labeled pattern-oriented modeling (POM) and is based on 
two principles that guide the development and evaluation of complex models. One principle 
is to develop models in an iterative fashion and confront several variant models with data 
at each iteration. The variant models are based on different hypotheses about the potential 
mechanisms responsible for creating observed patterns. In this respect, POM is similar 
to the approach advocated by Hilborn and Mangel [49]. The second, critical, principle is 
the evaluation of model performance based on several patterns that span multiple scales 
of organization. The idea is that comparing model results to data at several scales of 
organization provides multiple "points" of reference for evaluating model hypotheses. This 
approach can provide a more rational basis for drawing conclusions about the operation of 
particular ecological mechanisms and can be used to reduce uncertainty in the estimation 
of model parameters. The goal of the POM approach is to provide a methodological basis 
for creating a complex, algorithmic model that balances model complexity and generality. 
While this can be said to have always been the goal of modeling, the approach proposed 
by Grimm et al. [43] is the first to be applied to modeling approaches such as individual­
based models. Such complex models can produce a wealth of output that is difficult to 
summarize in just one way. Pattern-oriented modeling addresses the unique problems faced 
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when dealing with these complex models. While the primary emphasis of POM is on individual-based models, the methods are appropriate for other algorithmic approaches, such as cellular automata and the fire model described here. The fire model is a bottom-up approach to dealing with fires. The process of fire spread is based on local probabilities of burning and fire spread from which emerge a landscape-scale pattern of area burned. In addition, the model incorporates a number of factors that affect fires which result in a relatively complex model. The evaluation of the model results presented here is based on the distribution of fire size and on annual area burned for the ENP, which are aggregated measures of model performance. Examining the model at other levels of organization would also be useful. One alternative is to look at the distribution of fire sizes that occur within different plant communities. Figure B.2 0 shows the log transformed distributions for six selected vegetation types. The count axis in this graph has been log transformed to make the number of fires at large fire sizes more apparent. Empirical data to which this model result can be compared are not yet available. Fire maps for the ENP are currently being digitized and as they become available such comparisons will be an important measure of model performance. A number of additional refinements can also be made to the model. Hot fires are an important part of the Everglades ecosystem. They reset local vegetational communities to early successional types. A mechanistic approach to distributing these kinds of fires could be important to analyze the results of the vegetation succession model. Human-ignited fires can also have an effect on succession since they do not typically occur during the natural fire season. The difference in timing of these fires within a year can influence succession and the distribution of subsequent natural fires [26, 46, 73]. Expanding the model to account for different sources of fire and differences in fire season would provide refinements that are potentially important to the vegetation succession model and would provide insight into how these fires interact with natural fires and hydrology. The model results presented here rely heavily on the specific inputs used, including the hydrology data from the SFWMM, the vegetation data from the ATLSS vegetation succession model, the vegetation types from the Fl-GAP, and parameter values based on information provided in the literature. However, these components can be exchanged for other similar elements. For example, hydrologic data set with an appropriate spatial extent 
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and covering a sufficient length of time can be used as inputs to this model. This includes data from alternative hydrology models or appropriately formulated historical data. The model can also utilize a different vegetation classification system, though this would require re-calibration of the parameters for the vegetation types. 
3 .5  Conclusion An initial version of a fire model for the Everglades has been developed accounting for phys­ical factors such as hydrology and wind, and biotic factors such as vegetation type. Model results indicate that, with the appropriate hydrologic inputs, the initial model performs reasonably well. While there are still some substantial differences between the model out­puts and fire data for the ENP, there are a number of easily implemented model refinements which have the potential to improve the performance of the model. These include improving the estimates for model parameters, increasing the number of parameters that are estimated from data instead of being given assumed values, and carrying out further error propagation analysis to determine key hydrologic factors which impact the model results. A number of new products and approaches had to be created to support the development of this model. The model also provides projections for the spatial distribution of fires that are important for both integration into the ATLSS vegetation succession model and for providing an additional basis upon which to evaluate the impacts of different hydrologic restoration scenarios. In both of these capacities, this model can be a valuable tool for guiding Everglades restoration efforts toward solutions that fulfill the restoration goals of preserving the natural patterns and processes that characterize the Everglades. 
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Chapter 4 
Optimizing Spatial Control of 
an Invasive Plant in a 
Heterogeneous Landscape : 
Lygodium microphyllum in Arthur 
R. Marshall Loxahatchee 
National Wildlife Refuge 
4. 1 Introduction There are over 3 000 non-native plant species in Florida; over 900 of these are established outside human cultivation ( 119] .  Of these only a few dozen are currently perceived as a serious threat to the Everglades, and an even smaller number have received substantial attention [ 65, 107] . Many were brought to Florida as ornamentals, several of which are among the greatest threats to the Everglades [2 6, 107] . Some of these species, such as 
Lygodium microphyllum, escaped unaided into the Everglades (5, 82] . Others, including 
Melaleuca quinquenerma and Hydrilla verticillata, were introduced intentionally in an effort to improve the Everglades' lands [2 6] . Once established, non-native, invasive populations present a range of problems to both humans and wildlife [ 107] .  They interfere with agriculture and tourism, two of Florida's largest industries. By congesting canals and lakes, aquatic invaders such as H. verticil­
lata hinder navigation and reduce available sport fish ( 119] .  By inhibiting canal drainage 
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they affect flood control which is essential for agriculture [26, 103] . Brazilian pepper ( Shi­
nus terabinthifolia} is thought to support large populations of crop-damaging insects [119] .  
Brazilian pepper is related to poison ivy ( Toxicodendron mdicans ) and contact with sap 
from broken leaves and branches can cause contact dermatitis [26, 30] . Both Brazilian 
pepper and Melaleuca quinquenervia have been linked to allergies and respiratory problems 
[26, 66, 68, 80, 81] . 
Everglades invasive plant populations often become the dominant species over large areas 
[26, 65] . In doing so they displace native communities [6] , lower diversity [8] and threaten 
rare native plants [31 ] .  By changing plant community structure they provide degraded 
habitat and can alter animal use [131 ,  104) . Invasive populations also affect a wide range 
of ecosystem processes such as fires, hydrology, nutrient cycling, soil formation, and erosion 
[40] .  
Invasive plant populations present significant obstacles to Everglades restoration. The 
most straightforward reason is that they are not a part of the historical ecosystem. However, 
effects on restoration are more complicated. Local soil topography can be raised by accumu­
lated detritus from M. quinquenervia, which changes local hydrologic conditions [66, 131] . 
Some restoration projects will require the construction of new canals. Existing canals are 
a factor facilitating the spread of invasive plants [26] and new canals may allow invasive 
plants to invade previously uninfested areas [32) . Finally, the restoration of the Everglades 
is a large project, altering patterns of freshwater flow across the entire landscape [95) . The 
ultimate effect of this on invasive populations is not known [32] . 
Measures have been take to control or eliminate invasive species in the Everglades. In­
dividual treatment techniques include various herbicides, mechanical and manual removal, 
biocontrol, use of fires, and managing hydrology [32] . Treatment methods are applied indi­
vidually or in combination depending on the species, invaded habitat, severity of infestation, 
availability of resources, and proximity and hazard to human health [32, 95] . For the most 
problematic species, including M. quinquenervia, S. terabinthifolia, and Lygodium micro­
phyllum, formal treatment plans have been created [30, 31 ,  66, 77] . These form a framework 
for treating individual species and provide information and recommendations at two levels. 
The first level provides broad policy recommendations. Some are focused on coordinating 
funding requests, lobbying efforts, and community outreach programs. Treatment recom-
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mendations include using integrated pest management, talcing an "all-taxa" approach to 
treatment, and use of a quarantine strategy. Integrated pest management involves the 
simultaneous use of several treatment techniques to control invasive populations. An "all­
taxa" approach involves developing a treatment plan that seeks to treat multiple invasive 
populations. The quarantine strategy is a general policy that advocates the removal of 
small, outlier, infestations first, followed by treatment of large, centralized infestations. The 
second level provides detailed information about each treatment technique and factors to 
consider when designing a treatment plan. In addition, examples of treatment in specific 
management areas are summarized. Combining these two levels, specific treatment plans 
are established for particular infestations for a given region or management area. 
A new model is presented here that applies spatial optimization to the problem of con­
trolling invasive populations in the Everglades. The model can facilitate the creation of 
specific treatment plans that maximize the use of limited treatment resources. Lack of ad­
equate funding is widely cited as one of the primary factors hampering control of invasive 
populations [32, 107, 119] . The model can also be· used to investigate general management 
issues including the relationship between yearly budget and the ability to control an invasive 
population. The effect of landscape heterogeneity on the optimal spatial configuration of 
treatment can also be examined. 
Modeling has been applied to the study of non-native invasive populations in a number 
of contexts [e.g., 48, 106, 128]. Very few models have been applied to invasive species in the 
Everglades. Koop et al. [64] applied a matrix model to Ardisia elliptica. This was used to 
identify sensitive population parameters that can be targeted to control infestations. Volin 
et al. (123] examined landscape-scale patterns of spreading Lygodium microphyllum infes­
tations using a simple spread model. The model described in this paper incorporates some 
of these features. It considers landscape-scale patterns of spread and focuses on important 
ecological parameters, such as landscape heterogeneity, in targeting treatment to improve 
the control of invasive populations. The model directly incorporates the effects of treatment 
and applies optimization techniques to identify treatment scenarios that maximize the im­
pact of allocated funds. Maximization is achieved by considering tradeoffs in the relative 
costs and benefits of treatment between locations and over time. Costs include the impact 
of leaving an infestation untreated as well as the cost of applying treatment. Benefits are 
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derived from having invasive-free habitat. 
Spatial optimization has been applied to a range of ecological problems. Moody and 
Mack [79] proposed a model that looked at the relationship between core/satelite dynamics 
and where best to apply treatment. This is a very simple model since it lacks trade-offs 
between the treatment of core and satellite populations. Hof and Bevers [54] have applied 
optimization techniques to several problems, including forest harvesting, reintroduction of 
the endangered black-footed ferret, and to controlling invasives in general. A recent paper 
by Travis and Park [117] looked at a general two-patch model to examine the relationship 
between source/sink population dynamics and optimal control. Gaff et al. [36] used spatial 
optimization to look at the effects of seed dispersal on optimal harvesting strategies. The 
model described here is similar to these models, but also incorporates a number of new 
features or combines existing elements in a new way. Population dynamics in both time and 
space are included. As in Hof and Bevers [54] and Gaff et al. [36] , this model is spatially­
explicit and the relative locations of patches or locations affect results. Spatial optimization 
in two spatial dimensions is applied, similar to Hof and Bevers [54] , but a larger spatial grid 
is used. The equations that govern the spread of the invasive population are non-linear, as 
opposed to the linear models of Hof and Bevers [54] . The linear programming techniques 
used by Hof and Bevers [54] , therefore cannot be applied. Instead, an approach similar to 
that used by Travis and Park [1 17] is taken, applying a genetic algorithm [56] . 
The initial application of this model is to optimize treatment plans for the control of 
L. microphyllum in the northern Everglades. L. microphyllum is an invasive fern that has 
become an extensive problem in many of south Florida's natural areas. One of the areas 
most heavily impacted is the Arthur R. Marshall Loxahatchee National Wildlife Refuge 
(hereafter Loxahatchee) .  L. microphyllum was first noticed in Loxahatchee in 1989 on a few 
isolated tree islands. By 1997 it had infested approximately 8900 ha in Loxahatchee [31] , 
and is associated with a range of negative impacts [7, 17, 101 ,  102] . Most of these impacts 
are on the tree islands that are characteristic of this portion of the Everglades landscape. 
The size and density of these tree islands varies across the region. This model includes 
spatially varying parameters, thus incorporating landscape heterogeneity. None of the other 
spatial optimization models for invasives include heterogeneity to this extent. 
The use of a genetic algorithm means that results must be qualified as optimized as 
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opposed to optimal. The technique is capable of handling comple x problems [ 3 3, 3 9]. Its operation is designed to bypass local optima in the search for the best solution. However, there is no guarantee that the optimal solution will be identified, if indeed any single opti­mum e xists. Inclusion of spatial heterogeneity and treatment constraints in the model leads to a non-linear relationship between treatment and model objectives. There are potentially a large number of local optima with basins of attraction that are difficult to quantify. I take a position similar to Travis and Park [ 117] ,  and refer to the results as optimized and not op­timal. Model results are useful as they can reveal patterns that relate model parameters to the ability to control invasive populations, as well as quantifying the benefits of distinctive treatment plans, thus informing management practices. Indeed, the model described here has been implemented into planning in Lo xahatchee under the guidance of the biological resource managers for the Refuge. 
4.2 Methods The Arthur R. Marshall Lo xahatchee National Wildlife Refuge is a 58,000 ha section of the Everglades located in Palm Beach County, FL, USA. Lo xahatchee is characterized by thousands of tree islands interspersed in a surrounding freshwater marsh. The surrounding marsh is inundated for most of the year and contains plants adapted to this condition [ 3 8, 8]. Tree islands are areas of slightly increased elevation with no standing water for large portions of the year. Tree islands can be as large as 12 5 ha, although most (over 8 5% )  are less than 0.13 ha in size [ 8]. The relatively drier conditions on these islands allow the establishment of a range of tree and shrub species along with several ferns in the understory [ 8, 14, 3 8, 72]. Tree islands are critical habitat for the American Alligator (Alligator mississippiensis), wading birds, and other animals [ 8]. They are also the locations within Lo xahatchee most affected by the invasive Old-world Climbing Fern (L. microphyllum) . The primary mode of spread of this invasive fern is by air-borne spores. The inundated marshes in Loxahatchee are not suitable for the establishment of new ferns. The drier tree islands, on the other hand, provide suitable habitat for the completion of the fern reproductive cycle. The first naturalized populations of L. microphyllum (hereafter Lygodium ) in south Florida were reported in 196 5 [ 5] ,  though it was probably established prior to 1958 [ 82]. The 
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native range of this fern is large, and includes eastern Africa, large portions of southeast 
Asia, Australia, and Oceania (90, 31]. Within its native range it is capable of forming large 
colonies but is neither abundant or dominant, and it does not appear to dominate large 
areas as it does in Florida (31, 91] .  In 1999, Lygodium covered approximately 44,000 ha 
in Florida. Within Loxahatchee at least 8,900 ha have been infested. Current projections 
indicate that it could cover as much as 37% of southern Florida by 2014 (123]. Within 
Loxahatchee this invasive fern has a range of negative impacts. On tree islands it reduces 
plant diversity (7] and can make the islands unusable by other species that use tree islands 
for nesting sites, forage, and cover (32, 17]. The ferns also alter the character of fires. It can 
form dense rachis mats that are highly :flammable and can overtop trees and allow fires to 
reach the tree canopies. This can greatly increase the severity and impact of fires. 
Proposed control methods for this species include manually cutting and treating with 
herbicides, with and without removal of dead biomass, aerial spraying, burning and biocon­
trol (31, 32]. In Loxahatchee the primary method of treatment is cut-and-spray, in which 
Lygodium is cut at knee height and the remaining lower portion is sprayed with a her­
bicide. Estimated costs for this type of treatment ranges between $325/ha/tree island to 
$1250/ha/tree island depending on the level of infestation (91], (per. com. William Thomas, 
USFWS Wildlife Biologist) . Due to budgetary constraints, the entire infestation cannot be 
treated in a single year. The objective then becomes using the resources that are available 
to their best effect. Determining which treatment strategy will fulfill this objective is not 
clear. For example, should the treatment be applied evenly to all infested islands, or should 
certain areas be targeted first? If the latter, what combination of trade-offs between loca­
tions will return the greatest result? A very large number of considerations are involved in 
making treatment decisions. The model described here provides a framework for formalizing 
many of these issues, finding optimized treatment plans, and examining the effect of system 
parameters such as budget and spatial heterogeneity on optimized treatment plans. 
In form, this model is inspired by the work of Hof and Bevers (54] in which spatially­
explicit models are used to examine the effects of spatial structure on the dynamics and 
optimal control of a population. The model is composed of three distinct parts. The first 
part is a system of equations that descr�be the invasive species in terms of its growth, spread 
and response to control. Next is a set of objective functions that summarize the feature of 
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the system that is to be optimized. The objective functions provide the criteria by which different treatment strategies are ranked, and minimizing this is interpreted as fulfilling a desirable goal for the system. For e xample, here the objective function sums the total number of infested islands over time and space. The treatment strategy is manipulated to minimize this quantity to find the treatment plan that results in the smallest number of infested islands. The third part of the model is a system for searching for the optimal solution. The models presented by Hof and Bevers are linear or linearized models that rely on linear or integer programming for solutions. The invasive control model presented here e xtends this work in several ways. The model is based on standard epidemiological models and tracks the number of tree islands that are uninfested, infested with, Lygodium or recovering, instead of e xplicitly tracking the size of the pest population. Uninfested islands are those on which Lygodium is not present; infested islands are currently occupied by Lygodium, and recovering islands are those that were occupied by Lygodium, have had live Lygodium plants eliminated by treatment, but have not yet fully recovered from the effects of infestation and treatment. The number of infested islands at a location increases as a result of dispersing spores from infested tree islands. Both uninfested and recovering islands are susceptible to infection. The number of infested islands is reduced when infected tree islands are treated. Treated islands are moved to the recovering class, and eventually return to the uninfested class. This approach is appropriate for a species like Lygodium. The high density of L. micro­
phyllum present in infested areas along with multiple rachis arising from a single rhizome make individual plants difficult to identify. This makes collecting empirical data in support of a standard population model impractical. Results from a standard population model would also have to be interpreted in terms of numbers of tree islands infested in order to make model results directly applicable to field conditions, where the relevant level of treatment and evaluation of treatment is the tree island. Like the work of Hof and Bevers, this model is spatially-e xplicit and divides space into a regular raster grid of square cells. However, this model uses a system of non-linear equations to represent the dynamics of spread and response to treatment which are more appropriate for modeling Lygodium. Spatial heterogeneity also is a more important factor in this model 
78 
as compared to those developed by Hof and Bevers [54] . In their invasive species model Hof 
and Bevers [54] used two types of habitat : favorable and unfavorable. The environmental 
factors in the Lygodium model vary continuously, creating a considerably more complex, 
dynamic landscape. 
A result of these added complexities is that linear and integer programming techniques 
cannot be used to find optimal solutions. Other numerical and statistical techniques are 
appropriate [33, 62, 63] . This model uses a genetic algorithm as the approach to optimizing 
solutions [39] . 
The model limits the optimization problem to treatment within Loxahatchee, omitting 
connections with infestations and habitat outside this region. A single treatment type is 
allowed, in this case cut-and-spray, to control Lygodium. This simplifies the initial modeling 
process while still allowing enough spatial variation to explore the relationship between 
model components and optimized treatment outcomes. 
4.2 .1  Basic Model 
The study area for the model includes the entire 57,238 ha area that makes up Loxahatchee. 
Space is divided using a raster grid in which each cell represents a lxl km plot on the 
landscape. At this resolution the raster grid contains 22 columns and 37 rows. Of these 
cells, 523 are in the model study area. The remaining cells are part of urban, agricultural 
or other natural areas not included in the model. The alignment of this grid, that is, the 
location of column and row boundaries, was chosen to make the model output consistent 
with data sets used to parameterize the model. In each cell the infestation dynamics are 
updated on a yearly time step according to the system of finite difference equations: 
Pi (t + 1) = Pi (t) - Pi(t) [l - II (1 - PiJ ) I; (t) ] + r �(t) (4. 1 )  
j 
Ii (t + 1)  = Ii (t) + Pt (t) [l - II (1 - Pij )I; (t) l + 
j 
(1 - r)�(t) [l - II (1 - P�j ) I, (t) ] - C:(t + 1) (4.2) 
�(t + 1)  = �(t) - (1 - r)Ri (t) [l - IJ (1 - P�j ) I; (t) ] - r�(t) + CI(t + 1) (4.3) 
j 
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where Pi ( t )  is the number of uninfested tree islands in grid cell i at time t, Ii ( t )  is the number of tree islands infested with Lygodium in grid cell i at time t, and �(t ) is the number of islands in cell i at time t that are recovering following treatment. A recovering tree island is one that is no longer occupied by living L. microphyllum plants, though dead 
L. microphyllum biomass may be left in place, but does not yet have the complement of plants normally associated with a healthy, uninfested tree island. Eventually the vegetation on an island returns to some adequate level and the island is returned to the uninfested state. The term c; ( t + 1) is the reduction in the number of infested tree islands that results from the application of treatment in cell i at the start of time step t + 1. It is given by: 
CHt + 1) = min{Ci(t + 1), Ii (t ) + Pi(t )[l - II ( 1  - Pii )I; (t) ] + j ( 1  - r )�(t )[l - II ( 1  - p�3 )1i (t) ] } 
where Ci (t + 1) is the number of tree islands to be treated in cell i at the start of time step t + 1 under the treatment plan. The distinction between C' ( t + 1) and Ci ( t + 1) is that the former is the reduction in the number of infested islands as a result of treatment, whereas the latter is the number of islands to be treated under the treatment plan. The value of Ci ( t + 1) may be larger than the number of infested tree islands. That is, a particular treatment plan may call for the treatment of more islands than are infested. The addition of the term 
CI ( t + 1) prevents the value of Ii ( t + 1) from becoming negative. In the optimization process such an over-treatment is sub-optimal and will tend to be eliminated. The model could simply force Ci (t + 1) to be less than Ii (t + 1), but it is programmatically simpler to take this approach. The term Pij is the probability that a single uninfested tree island in cell i will become infested with Lygodium as a result of spores dispersing from a single infested tree island in cell j over the course of a year. The complement of this probability ( 1  - Pii ) is the probability of not becoming infested. Since Ii ( t )  is the number of infested islands in cell j, ( 1  - Pii )1; (t) is the probability that the spores from all the infested tree islands in j that arrive on an uninfested tree island in i will not result in an infestation. The product of 
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these terms over all locations j, given by [I1
j
(l - PiJ ) I; (t) ] ,  is the probability that spores 
from all the neighboring infested tree islands that arrive on an uninfested tree island in cell 
i will not result in an infestation. The product, [fi
j
{l - PiJ )I; (t) J ,  includes cell i to allow 
for the probability of infestation from infested islands in the same cell. The complement 
of this quantity is the probability that uninfested tree islands in cell i will become infested 
as a result of spores arriving from at least one of the neighboring infested islands. This 
probability is multiplied by the number of uninfested tree islands in cell i to obtain the 
number of islands that become infested over the course of a year. This number is subtracted 
from the number of uninfested islands and added to the number of infested islands. The 
model also allows recovering tree islands to be reinfested before full recovery. The term 
in ( 4.3) that describes this transition follows the same reasoning and is similar to that 
just described for the transition from uninfested to infested islands. However, the basic 
probability, PiJ , is replaced by P�j which is simply the probability that a recovering tree 
island will become reinfested as a result of spores from an infested tree island in j. The 
term r is the yearly probability of a recovering island returning to the uninfested state, and 
rRi (t) is the number of islands that make this transition per annum. The definitions of 
model variables and parameters are summarized in Table C.1 . 
The rate at which the total number of tree islands changes is much slower than the 
rate at which tree islands become infested, are treated, and recover. For this reason, the 
total number of tree islands in the model is a fixed quantity, and the number of tree islands 
summed over the tree infestation states is constant over time, E,,t [Pi(t) +li (t) +Il,i(t)] = N, 
where N is the total number of tree islands in Loxahatchee. 
Though the notation does not show it explicitly, the probability PiJ is a function of 
several factors, some of which vary over space. In this model, PiJ is a function of the 
distance between cells i and j, and the average size of tree islands in cells i and j, Si and 
SJ respectively. The relationship is formulated as: 
( ) S.t (STR] ( __!,j_ ) (
1/n)e-Dm(i ,j)
2 
PiJ = l - 1 - TJ -ssTii (4.4) 
where rJ is the probability that a single spore will result in an infestation in an uninfested 
island, and (1 - TJ) is the probability that the spore will not result in an infestation. The 
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exponent: 
Si [ST R] ( __2.L )(l/n)e-Dm(i,i)
2 
SsTR 
(4.5) 
is the number of spores from an island from cell j with mean size S; arriving on an island 
in cell i with mean size Si. The term [ST R] is the total number of spores produced by 
an average-size tree island. In this case, the average tree island size, SsTR, is determined 
by taking the mean over all of Loxahatchee. The ratio of tree island sizes, Si /SsTR, is 
used to scale [ST R] to determine the mean number of spores produced by an island in cell 
j with mean size S;. The kernel ( 1/n ) exp (-Dm(i, j )2 ) represents the dispersal of spores 
over two-dimensional space expressed in polar coordinates. It determines the fraction of 
spores that arrive in a I-square meter plot at a given distance from the source of the spores, 
assuming radial symmetry. The coefficient n is a normalization factor that ensures that the 
integral of the kernel is one. Thus n is given by: 
roo 2 n = 
J
o 21rm[e-Dm ] dm (4.6) 
which has units of area 2 • The distance between cells i and j, m( i,  j) , is used as an 
approximation of the distance between infested and uninfested tree islands. This term 
is squared so that the density of spores decays as the square of the distance between 
cells. The parameter D controls the rate of the decay. The product of these terms, 
[STR] ( ____'.2___8
8 ) ( 1/n ) exp (-Dm(i, j )2) is the density of spores that arrive in cell i from cell j. 
STR 
The final product that results in ( 4.5) gives the number of spores that arrive on an unin­
fested tree island in cell i from an infested tree island in j. Using this term as an exponent 
of (1 - "7) gives : 
( 1  )S;. [S
TR) (  __!,t_ )(l/n)e-Dm(i,;)2 
_ ,,,  -rsTii (4.7) 
which is the probability that all the spores that arrive on an uninfested tree island in i from 
a single infested island in cell j will not result in an infestation. Finally, the complement of 
this term, which yields (4.4) , is the probability that an uninfested island in i will become 
infested as the result of at least one of the spores arriving from a single infested tree island 
in j.  
A similar argument is  used to develop the definition of p�
i
, except that 'f/ is replaced by 'f/1 , 
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the probability that a spore arriving on a recovering island will result in an infestation. The use of a separate term to describe the chance of a recovering island being reinfested reflects differences in the health of the recovering tree island. Islands recovering from infestation have lower vegetation cover and more open ground, providing greater opportunities for the establishment of new Lygodium plants. A number of different objectives could be chosen for invasive management. The choice depends on the overall goals for the system, the kinds of questions one is interested in addressing, and the relative importance of different aspects of the system to various stake­holders. A simple objective function is used here that measures the total level of infestation over time and space resulting from a particular treatment plan: 
( 4.8 ) 
i,t i,t The first sum in the objective gives the total area of infestation over time and space that results from a particular treatment strategy. The goal of optimization is to find a strategy that minimizes this area and thereby minimizes the impact of Lygodium. The second term is the sum of the area treated under the plan specified by C = { Ci ( t ), i = 1, ... , 523, t = 1, ... , T}. It serves two purposes in this model. First, it says that the level of effort placed into treating Lygodium is important, and an optimal treatment plan is one that both minimizes the total area infested and minimizes the effort required. Note that the value used in this term is Ci (t ) and not CI(t ) so that a particular plan, C, is penalized based on what is spent on treatment and not on what is actually treated. Second, this added condition makes it easier for the genetic algorithm (GA ) to determine a solution. Two treatment plans might result in the same total level of infestation as measured by the first sum. However, one solution may call for the application of treatment in areas where there is no infestation. The second sum allows the GA to distinguish between these two options and also yields solutions that spend the least amount of effort for a given reduction in infestation. The coefficient c associated with the second sum is a scaling factor with a value strictly between O and 1. This term results in a larger net decrease in objective function value associated with treating infested tree islands. The primary reason for including this factor is to force the model to consider treatment in the last time step of the model. If c is omitted, then a decrease in the objective 
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function associated with treating an infested tree island in the last time step is completely 
offset by the increase in the objective function associated with applying the treatment. 
Treatment resources are assumed to be severely limited in this model. To account for 
this a constraint on the total level of effort is imposed, measured by the yearly budget that 
can be spent on treatment. This constraint is formulated as: 
L Ci(t)Si � Budget(t)/CP A (4.9) 
where Budget(t) is the total number of dollars available for treatment in year t and CPA 
is the cost of treatment per square meter. The ratio of these two quantities is the total 
number of square meters that can be treated in year t. The sum on the left-hand side of the 
constraint is the total number of square meters of treatment called for by the treatment plan 
Ci(t ) .  This form of the constraint is used to make its units compatible with the objective 
function in ( 4. 8 ). This will simplify the formulation of the fitness function for the GA, 
described below. 
4.2.2 Parameterization 
The final part of the model is the GA which searches through the set of all treatment plans 
to find the optimal treatment plan. Before describing the GA, the methods used to estimate 
values for the parameters and the initial conditions for the model are described. 
The model contains nine parameters for which values must be estimated. The parameter 
that represents the mean size of tree islands in each cell, Si, varies spatially, taking different 
values for each grid cell. The initial number of tree islands that are uninfested, infested, or 
recovering, are also spatially-explicit. The other eight parameters, r, T/, TJ', STR, SsTR, D, CPA and Budget(t) do not vary spatially. 
The values for Si are based on a raster data layer for Loxahatchee. The estimates are 
based on IKONOS imagery for Loxahatchee, processed by Wu et al. (135] to identify tree 
islands and Lygodium infestations on tree islands. The IKONOS satellite provides multi­
spectral data at a 4x 4 m resolution. Five IKONOS scenes were assembled and processesd 
by Wu et al. (135] to to produce a raster map in which each 4x4 m cell was assigned one 
of three values based on the type of vegetation located in that cell : tree island vegetation, 
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Lygodium, background marsh. Approximately 8.5% of the area was not classified because 
of the presence of clouds in the IKONOS imagery. 
I then processed the classified IKONOS data using a Hoshen-Kopelman clustering algo­
rithm [59] to identify clusters of 4x4 meter cells that represent tree islands. In this cluster 
analysis, cells classified as containing tree island type vegetation or Lygodium were consid­
ered to be a single type. In addition, only clusters that contained more than 12 cells ( 192 
m2) were classified as tree islands. This resulted in a map that estimates the size and loca­
tion of tree islands in Loxahatchee. The mean tree island area in this map is 1204 m2 with 
a mean tree island density of 0.86 tree islands/ha (estimated total number of tree islands 
= 45,708) . These numbers are reasonably close to values reported by Brandt and Black 
[8] (mean tree island size = 1 143 m2 , mean density = 0.8 tree islands/ha) . The estimated 
mean tree island area of 1204 m2 was used as the value for SsTR from (4.4) . 
The map of individual tree islands was then processed to estimate the number and mean 
size of tree islands in each lxl km model cell. For most cells, the parameter values were 
based on all the tree islands located within the cell. Many of the tree islands intersected 
with one or more lxl km cells. In these cases, the tree island was assigned to the cell 
containing the largest intersection. In several areas, cloud cover prevented the algorithm 
from obtaining a complete count of tree islands. In cells that were sufficiently free of cloud 
cover, the total number of tree islands was estimated as the number observable in the cloud­
free area multiplied by the ratio of the the cloud-free to clouded area. The mean tree island 
size was estimated as for other cells, as the mean size of the observable tree islands. This is 
appropriate because unclouded area provides a sufficient sample of the lxl km cell to base 
an estimate of the mean tree island size. For lxl km cells for which the cloud cover was 
too extensive to obtain reliable estimates, the number and mean size of tree islands were 
assigned to estimates for a randomly selected cell from the surrounding eight neighbors. An 
arbitrarily chosen threshold of 75% cloud cover was used. Cells with more than 75% cover 
were estimated based on neighboring estimates, while those with less than 75% cover were 
estimated based on tree islands within the cell. The result of this process was a map of 
mean tree island sizes, which provides estimates for the parameter Si , and a map of tree 
island counts in each lxl km cell. 
Currently only a single IKONOS data layer is available, so these data could not be used 
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as a basis for estimating other model parameters such as 17. To estimate these parameters 
and create the initial conditions for the model, the tree island count map is combined 
with another spatial data set. The Systematic Reconnaissance Flights (SRF) are used to 
collect data for a range of native and non-native species throughout the Everglades [92]. 
Data for Lygodium in Loxahatchee was obtained for 2000 and 2002. The 2000 data divide 
Loxahatchee into 2232 cells approximately 499x832 m in size ( nomin�y 102 acres). Each 
plot is assigned a cover class depending on the level of Lygodium infestation within the 
plot. This map uses five cover classes : 0% cover, 1 - 25% cover, 26 - 50 % cover, 50 - 75 
% cover and 75 to 100% cover (Fig. C.12). For the 2002 survey the sampling methods were 
changed. This survey used lxl km plots and only three cover classes : 0% cover, 1-50% 
cover and 50-100% cover (Fig C.12). To have two compatible data sets, a new lxl km data 
layer was created that used three cover classes based on the 2000 data. The cover values 
in each lxl km plot of the new 2000-based data were computed as the weighted average 
of all intersecting 499x832 m cells. The weights for each 499x832 m cell were the area of 
intersection with the lxl km cell normalized by 498*832m = 414,336 m2 • 
The new data layer for 2000 was combined with the tree island count map derived from 
the IKONOS data to estimate initial conditions for the model. In each lxl km cell, the 
number of initial infested islands was computed as Ii (t = 0) = Nicoveri/100, where Ni 
is the number of tree islands obtained from the tree island count map and coveri is the 
percent cover from the lxl km 2000 SRF data. The tree island count map was combined 
with the 2002 SRF data in a similar fashion to estimate the number of infested tree islands 
in 2002. Together the estimated number of infested tree islands in 2000 and 2002 are used 
to estimate model parameters. 
The value of the kernel parameter D was based on limited spore dispersal data collected 
in Loxahatchee from December 2, 2003 to Feb 16, 2004. Based on these data, I estimated 
the value of D to be 2 x 10-7 m- 1. The quantity and quality of data available did not 
permit the application of a formal fitting technique. Instead this value was estimated by 
visually fitting the kernel to the data. 
For this value of D, 99.9% of the volume under the kernel fell between O and 5 km. For 
this reason, dispersal was truncated at 5km and assumed to be zero beyond this limit. This 
resulted in less than a 1 % difference in the projected level of infestation after 5 time steps, 
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compared to the case where there was no limit on dispersal. It also resulted in the model 
running 14 times faster as compared to the unlimited dispersal case. 
To simplify the estimation of 1J and ST R, ( 4.4) was reorganized as: 
Si ( __!j_ ) ( 1/n)e-Dm(i,j)
2 
Pii = <p � ( 4.1 0) 
where <p = (l - TJ)STR . This reduced the number of parameters that needed to be estimated 
by one, and greatly reduced the computation time required to estimate them. The inter­
pretation of <p is the overall probability that the spores from a tree island of average size, 
SsrR, will not result in an infestation on an uninfested tree island. 
The value of <p was estimated by running the infestation model, (4.1), (4.2), and (4.3) 
from 2000 to 2002 over a range of values for <p. Parameter values and initial conditions 
described thus far were used for each run. In each run the model assumes that no treatment 
was applied between 2000 and 2002. While some treatment was applied during this time 
period, only 140 islands were treated. Compared to the approximately 45,000 tree islands in 
Loxahatchee, such a small number would not have substantially affected model projections. 
Model projections for 2002 were com pared to estimated numbers of tree islands infested in 
2002. For each value of <p, model projections for 2002 were first transformed by classifying 
each lxl km cell according to the classes used in the 2002 SRF data: 0% cover, 1-50% cover 
and 51-100% cover. The model projections were then compared to the 2002 SRF-based 
estimates of infestation: 
F = I)t(t = 2002) - SRFi(t = 2002)]2 ( 4.11 ) 
where ii (t = 2002) is the classified version of the model projection in 2002 in cell i and 
SRFi(t = 2002) is the SRF 2002-based estimate of the number of infested tree islands in 
2002 in cell i. The estimates of <p were obtained by minimizing F. 
An initial search of <p values between O and 1 at 0.01 intervals was performed. This 
resulted in an estimated value for <p = 0.01 .  This search was refined by searching between 
0 and 0.02 at 0.001 intervals. This resulted in a final value for <p of 0.014. 
For the results reported here the model assumes that r,' = 1/· This reflects a general 
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lack of information available to completely parameterize this model. Information from pilot studies of Lygodium treatment indicate that islands treated with the cut-and-spray technique remain largely free of infestation for up to 4 years (pers. com. William Thomas, USFWS Wildlife Biologist ). Without any other compelling information, however, assuming r,' = T/ is reasonable. The final parameter is CPA, the cost of treatment per unit ·area from ( 4. 9). The cost of treating infested islands in Lo xahatchee ranges between $12 5/island/acre for lightly in­fested islands to $500 /island/ acre for heavily infested islands (pers. com. William Thomas, USFWS Wildlife Biologist ). The value for CPA used here is the mean treatment cost for islands in Lo xahatchee based on an average cost of Costmean = $3 3 1/island/aere. For each island in the IKONOS-base tree island map the cost of treatment, assuming the island was infested, is: 
{ Costmean (Sizek/ 4046 . 8 )  if Sizek > 4046. 8m2 Costk = Costmean if Sizek � 4046. 8m2 ( 4. 12 )  where Sizek is the size of the kth tree island in the map in square meters and 4046 . 8 m2 is the size of an acre in square meters. The value of CPA was estimated to be the mean of the distribution of the costs, Costk , This resulted in a cost per area of $0. 42/m2 • The sum of the Costk is the total cost to treat all the tree islands, infested or not, in Loxahatchee in a single year and equals $8M. 
4.2.3 Genetic Algorithm Genetic algorithms ( GAs ) are one of several stochastic search algorithms and are based on the principles of selection and evolution [ 3 3, 3 9, 56] . They have been successfully applied to a wide range of problems where they are used for their ability to sort through large search spaces and handle comple x search criteria [ 3 9] .  A GA operates by iteratively creating sets of solutions that are progressively better solutions to a particular problem. In each iteration a number of distinct steps are followed that parallel processes observed in naturally evolving biological systems. The parallelism e xtends to the terms used to describe a GA, which are largely borrowed from evolutionary 
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biology. In each iteration of the process a set, or population, of individual solutions is 
created. Each individual represents a single solution to a particular problem. A very simple 
example of an individual is a single number. Each individual in the population would be 
represented by a different number. In the Lygodium model, each individual represents a 
single treatment strategy, C, that specifies the number of tree islands to treat in each lxl 
km cell, at each point in time. 
The next step for the GA is to assign a fitness to each solution. The fitness of each treat­
ment option is based on the value of the objective function (4.8) and constraints (4.9). This 
entails first applying (4.1 ) ,  (4.2), and (4.3) to compute the spatial and temporal pattern of 
Lygodium spread that results from each individual treatment plan. In order to compute the 
final fitness the objective function ( 4.8) and the constraint must be modified and combined 
to form the fitness function. The fitness function for a GA must satisfy two basic proper­
ties. First, the fitness function must always be non-negative. Second, since a GA is designed 
to maximize fitness, "better" solutions must be associated with higher fitness values. The 
fitness function used here is formulated as: 
i,t i,t 
[Bmax - max{O, L(Ci (t)Si - Budget(t)/CP A)}] (4.13) 
i,t 
where Jmax is the largest value that the objective function ( 4.8) can take and Bmax is the 
largest value the difference Ei,t Ci (t) - Budget(t)/CP A can take. In principle, the value of 
the objective function (4.8) is not bounded above since Ci (t) can take any positive value. 
In practice the optimization process tends to prevent the Ci(t) from becoming too large, 
since excessively large values are associated with higher objective function values and lower 
fitness which tends to remove them from consideration. The basis for Jmax is the total area 
of tree islands within Loxahatchee. The value of Jmax is obtained by multiplying the total 
area by a number sufficiently large to ensure that the objective function does not exceed 
Jmax · A similar approach is taken to determine the value of Bmax · The model includes a 
check to ensure the fitness value is always positive. 
89 
The first part of the fitness function incorporates the objective function. In order to associate higher fitness values with a "better" solution, the value of the objective function is subtracted from a large, constant value, Jmax · Maximizing fitness will result in minimizing ( 4. 8) .  The second part of the fitness function incorporates the constraints from ( 4. 9) .  When the area treated under a specific treatment plan e xceeds the maximum area that can be treated under the specified budget the value of the fitness function goes down. If the budget has not been e xceeded, then there is no reduction in the fitness. Applying a penalty to the fitness of solutions that violate a constraint is a standard approach to dealing with constraints in GAs ( 3 9] .  Once each treatment plan has been assigned a fitness, the GA creates a new population of solutions. Individuals in the new population are drawn from the e xisting population. The process of selection is random, but is biased by the relative fitness of the individual treatment plans. The chance that an individual will be selected for inclusion in the ne xt generation is proportional to its relative fitness. In this way higher fitness individuals are more likely to be represented in the ne xt generation than lower fitness individuals. Selection into the ne xt generation is also made with replacement, so an individual treatment plan can be selected more than once for inclusion in the ne xt generation. This means that treatment plans with higher fitness will, on average, be represented by a larger number of copies in the ne xt generation, than treatment plans with lower fitness. In biological terms, the higher fitness individuals will, on average, contribute more offspring (copies) to the ne xt generation than lower fitness individuals. Next, a GA performs two operations on the individuals of the new population. Pairs of individuals are selected at random, and with a probability, Pcrosa , the two individuals are crossed. This means that the two treatment plans are each divided into two parts and a part from one is e xchanged for a part from the other. The pairing process is performed without replacement, and continues until all individuals have been paired. If the value of Pcross < 1, then some pairs will make it though this process without having been crossed. In the second operation mutations are added. With a probability Pmutation each element of each treatment plan is changed. Here, a mutation will increase or decrease the number of tree islands that should be treated at a single location in space and time. It is important to note that the probability for mutations is per element, unlike the probability of cross-
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ing, which is per individual. This means that some treatment plans may receive multiple mutations, while crossing only happens at most once per individual (per generation ). The combined effect of crossing and mutation is to create new treatment plans. Cross­ing is designed to bring together sub-components of individual treatment plans. These sub-components, called skema [ 3 9] ,  represent treatment plans that are l<?calized in time or space. Some of these sub-components are associated with high fitness and some are associated with low fitness. For e xample, a particular treatment plan might call for the application of treatment in the northeastern quarter of Lo xahatchee that results in a sub­stantial decrease in the level of infestation as measured by the objective function ( 4. 8 ). In other areas, the treatment plan might be doing a very poor job of controlling Lygodium. The treatment within the northeast quarter of Lo xahatchee forms a sub-component that should be preserved. Crossing allows the GA to separate the treatment in the northeastern quarter from the poor performance elsewhere. The goal of crossing is to bring together high fitness sub-components to form a better overall treatment plan. It also brings together sub­components that are consistently associated with low fitness, forming solutions that have lower overall fitness and are therefore more likely to be removed from the population. In biological terms, the sub-components represent different alleles at different loci and crossing creates new combinations of these alleles. Mutation is the ultimate source of variation in a GA, as it is in biological systems. Crossing can only mi x and match sub-components that are available in a given generation. If mutation is omitted, the progression towards better solutions will eventually come to a halt, and the process will become trapped in a small portion of the search space. The GA halts when one or more stop criteria are satisfied. Typically, the stopping criteria include limits on the size of improvements that are made by the GA each generation. For e xample, the process may be stopped once the increment in improvement falls below a specified threshold. It was difficult to select an appropriate threshold for this model. For this reason this GA does not currently incorporate such a threshold condition, but uses a simpler stopping criteria. The first, Itermax, is an overall limit on the number of iterations the model will perform. This provides assurance that the model will eventually halt. The second, Iterimprove, is a limit on the number of iterations the model is allowed to perform without an finding an improvement. If the model goes through Iterimprove generations 
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without finding an improvement over the current best solution, it halts the search process. Typical values for Pcross range between 0.6 to 0.8( 3 9] .  E xperimentation over a range of Pcross values indicated that a value of 0.6 yielded steady improvement in fitness. Mutation rates are usually considerably lower than the crossing rate. E xperimentation over a number of different values indicated that a value of 0. 00008 was appropriate. This value equates to adding, on average, one mutation to half of the treatment plans per generation. This rate is rather high, however, lower values resulted in slower convergence to a optimized solution. Early e xperimentation with the GA implemented for this model revealed a tendency for the process to reach a point where additional iterations did not result in further ad­vancement toward an optimized solution. However, manually restarting the processes with a population based on random variations to the latest best solution allowed the GA to continue advancement toward an optimized solution. For this reason the population was automatically restarted following a specified number of iterations without improvement. Observations from earlier runs indicated that after 50 generations without an improvement the population should be restarted. All of the model components are written in C++ and compiled using the GCC C++ compiler, version 3.3.5. The models were run on Dell Precision 47 0 with Intel Xeon 2.8GHz processor running Debian Linux 1: 3. 3. 5- 13. Optimization scenarios were run for 6 000 gener­ations, with 400 individual treatment plans per generation, requiring appro ximately 7 hours to complete. 
4.3 Results The model was first run over a 20-year period with no treatment applied to estimate the potential for spread within Lo xahatchee. This simulation indicates that by 2 02 0  almost 100% of the tree islands in Lo xahatchee will be infested in L. microphyllum (Figs C. 1, C.2). This is consistent with the predictions of Volin et al. [ 123] .  The pattern of infestation reflects the distribution of tree islands in Lo xahatchee. The first optimization run is for an annual budget of $ 5. 68M/year. This is the budget that would be required to completely treat the L. microphyllum infestation in Lo xahatchee in 2 001, the first time step of the simulation. The level of funding was determined by 
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multiplying the area infested that would occur in 2 001 without any treatment by the cost of treatment per area, $0.42/m2 • When given sufficient funds to completely treat in the first time step, this is the solution toward which the GA moves. However, it does not actually achieve this solution, and it requires an enormous computational effort to arrive at the partial solution it does find. Figure C.3 shows the optimal solution arrived at by the GA after 2 8  hours of computation. The figure shows a large treatment effort in the northern end of Lo xahatchee that corresponds to the area of high infestation. Concentrating treatment in this area is what would be e xpected and the treatment plan does substantially decrease the area infested. However, the treatment plan is clearly less than optimal. The plan has not yet completely utilized the first years budget and it treats areas that are not infested with L. 
microphyllum. These results are an indication that the GA is functioning correctly, but also that it isn't very efficient. On the other hand, no optimization of any kind is really needed in this case since the solution is obvious. Where optimization becomes more interesting is in identifying results when there are insufficient funds to completely treat in any single year. Optimal control simulations were run for nine funding levels between $2.8M/year and $1.2M/year, one every $2 00, 000/year. The upper limit is appro ximately half of the funding required to completely treat Lo xahatchee in the first year of the model. The lower limit is the funding level below which quarantine treatment, described below, was unable to control 
L. microphyllum. Figures C.4 and C.5 show the solutions, after 2 8  hours of computation, for $2.8M/year and $1.4M/year respectively. The structure of these solutions is characteristic of model results for other funding levels. The spatial structure of the solutions appears to become progressively more random, without any clearly recognizable relationship to either the initial infestation or the distribution of tree islands. As the yearly funding is decreased the optimization problem becomes progressively more difficult for the GA to solve. The inability of the GA to find a good solution is also reflected in the plots of total infestation vs. time in Figure C.6. While infestation levels decrease, relative to no treatment, under all budgets, this is merely the result of applying some treatment. The difficulty the GA is having is also reflected in the rate at which it finds better solutions. Figure C.7 shows the cumulative average percent of generations in which the GA finds improvements over the course of this simulation for the range of budgets. For each generation the graph shows the percentage of proceeding generations in which the GA found an improvement. At the 
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start of the process the small number of processed generations results in large oscillations. As the number of generations increases the size of the oscillations decreases and the plot tends toward the overall average percentage of generations with improvements. Each curve in this graph represents a different budgetary constraint. For each of the budgets the GA is initially able to find new solutions in 40% to 50% of the generations. However, as the processes continues this fraction drops rapidly, with lower frequencies being associated with lower budgets. Figure C. 8 shows the percentage of all generations in which new solutions are found as a function of budget. To provide a basis upon which to compare the optimized results, a set of treatment plans based on quarantine treatment were created for each funding level used in the optimal control simulations. Quarantine treatment is the recommended treatment practice for controlling invasive plants in south Florida (3 1]. This practice involves first treating small outlier infestations, moving toward larger, more severe infestations in later treatment cycles. This approach is consistent with the conclusions reached by Moody and Ma.ck [ 7 9]. The e xact spatial arrangement is not specified. The quarantine treatment plans used in this comparison treat the first M, l xlkm cells with the lowest infested area in each time step up to the ma ximum area treatable under the specified budget. Areas of higher infestation are treated in progressively later time steps. For ea.ch funding level, the quarantine treatment plan is created by repeating four steps. For any given time interval, T, the first step is to project the infestation that would result if quarantine treatment were applied for t =  1, ... , (T - 1), but no treatment was applied for t =  T. Ne xt, the l xl km cells are ordered, based on the their area of infestation in time interval T, from lowest to highest. That is, a set of indices, i, ], are created such that Ii (T) � I3 (T) , for i < ]. The treatment for each cell is given by: 
Ci(T) 
= { I3 (T) if EL1 Ik (T) * sk * CPA � Budget(T) 
0 otherwise 
( 4. 14 )  
where Ci(T) , I3 (T) , Sk , CPA, and Budget(T) have the same meaning as in ( 4. 1)- ( 4.3) and ( 4. 9). Finally, the infestation for the ne xt time increment is computed assuming quaran­tine treatment in early time intervals and the process proceeds to the ne xt step. This process starts with the first time interval and proceeds sequentially to later time intervals. 
94 
Figure C.11 is an example of quarantine treatment plan that results from this process for 
$2.8M/year. In this quarantine plan all of the outlying infestations are treated in the first 
time step, with treatment of the core infestation occurring in later time steps. 
For budgets larger than $2.2M/year the quarantine treatment results in the elimination 
of L. microphyllum by 2004. Figure C.9 is a plot of the ratio of initial to terminal infestation 
levels for quarantine treatment over the range of funding levels. For funding levels between 
$2.8M/year and $2.2M/year, the quarantine treatment plans are able to completely elim­
inate L. microphyllum from Loxahatchee by 2004. For funding levels between $2.0M/year 
and $1.6M/year, quarantine treatment does not eliminate L. microphyllum, but the overall 
trend is toward elimination. Given sufficient time, quarantine treatment at these funding 
levels will eventually eliminate L. microphyllum. Using quarantine treatment, funding lev­
els less than $1 .4M/year are inadequate to control L. microphyllum, becoming progressively 
more inadequate as funding levels decrease. Based on the data in Figure C.9, a funding 
level of $1 .51M/year is just adequate to allow control of Lygodium at the initial level of 
infestation under quarantine treatment. 
Across the entire range of budgets, quarantine treatment plans were better than the 
optimized, GA-derived treatment plans. Figure C.10 is a plot of the ratio of the total infes­
tation summed over space and time for the GA-derived treatment plans and the quarantine 
treatment plans for each funding level. For every funding level this ratio is larger than one, 
indicating that the quarantine treatment plans were better able to control Lygodium than 
the GA-derived treatment plans. 
4.4 Discussion 
Results from the GA optimization at this point are disappointing. When adequate funds 
are available the optimal solution that is suggested by model results is obvious. At lower 
funding levels, model results bear little relation to patterns of landscape heterogeneity and 
do not lend themselves to meaningful interpretation. Results from the quarantine runs are 
interesting in that they show that the model can be used to estimate the funding levels 
required to eliminate or control Lygodium in Loxahatchee. A threshold cost of $1.5M/year 
will just allow the Lygodium infestation in Loxahatchee to be controlled at initial levels. 
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As funding is increased, greater control is gained over the infestation, and funding levels 
for a quarantine control that results in elimination by a given time can also be estimated. 
The overall flexibility of the model allows land managers to use this tool to explore different 
treatment options, evaluate their impacts on levels of infestation, and estimate costs of 
treatment. 
There are a number of likely reasons why the genetic algorithm was unable to identify 
optimal solutions. The first, and most obvious, is the scale of the problem. The set of all 
treatment plans is enormous. Even if the model was only allowed two options in each lxl 
km cell, the number of treatment plans is 2523•4 � 1 0629 ! As a comparison, even if 1 00 
trillion (1014) solutions could be solved every second, it would still require over 1 0600 years 
to examine all the solutions. This model allows any number of tree islands to be treated in 
each lxl km cell in each time step. The size of the problem is why a GA was employed in 
the first place. They have been successfully used in a range of large, complex, computational 
problems [33, 3 9]. However, it may be the case that this problem is simply too large. 
Decreasing the complexity of the model would make the problem more tractable. As 
mentioned above, the individual treatment plans could be restricted to either treating ev­
erything or nothing in a particular lxl km cell. While the number of treatment plans is 
still enormous, such a simplification could be sufficient to allow the GA to converge on an 
optimal treatment plan. Another alternative is to simply decrease the spatial resolution of 
the model. Grid cells that represent 3x 3 km, or 5x 5 km plots would significantly decrease 
the size of the problem and allow the model to identify optimal treatment plans. Initial runs 
of the model performed for 5x 5 km grids ( 5x 7  cells ) showed that the model was capable of 
identifying optimal solutions over a range of funding levels. The primary disadvantage here 
is the loss of spatial heterogeneity accompanied by increasing cell size. Increasing cell size 
makes model results less applicable to management in Loxahatchee, where treatment plans 
are designed at a lxl km scale (per. com. Laura Brandt ). An alternative is to divide Lox­
ahatchee into a set of subregions and solve the optimization problem independently within 
each subregion. 
There are a number of other factors that may have limited the ability of the GA to 
find optimal solutions. Changing one or more of these could allow the GA to search more 
efficiently. The results indicate that the budgetary constraints placed on the model made it 
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difficult for the GA to identify solutions. Any violation of the budget resulted in decreased fitness. If a treatment plan arises that reduces the infestation at a particular location, it may have a lower fitness because at the scale of the entire study area it could have funding overruns. This means the locally advantageous solution will be lost from the population. The problem the constraint presents is a consequence of using a linearly scaled penalty for budget overruns. The scaling factor applied to the penalty has to be chosen above a threshold value. For a scaling factor below this threshold, the benefit gained from increasing treatment exceeds the penalty for overrunning the budget. In this case, there is a net advantage for increasing treatment and the GA will move toward treating the entire infestation in the first time step. For penalty scaling factors above the threshold, any increase in treatment that violates the budget has lower fitness and will be removed from the population. The effect of this is that very few of the crossings and mutations will result in improvements in treatment. To think about this in terms of a fitness landscape, the combination of objective function and constraints results in local peaks separated by very steep and deep valleys that the GA cannot cross. A possible better approach would be one that allowed the GA to allow some violations of the budget in order to find improvements in the objective function ( 4.8 ), and then deal with meeting budgetary constraints. A number of approaches might work. A non-linear constraint, one that imposes a small penalty for small violations but disproportionately penalizes larger violations might improve results. However, it is likely that a static penalty relationship like this will simply result in the GA finding solutions that violate the budget up to the point where the penalty increases faster than the improvement in the objective function. What is needed is a way of allowing violations over a number of generations. One approach is to vary the penalty scaling factor systematically over generations, as might be produced by a sine wave. Another, possible solution is to vary the penalty scaling factor across individual solutions in the population. This would allow some solutions to violate the budget to varying degrees while others would be constrained to meet the budget. This would allow part of the population to bypass the fitness valleys created by the constraint and contribute better treatment plans to the overall population. The performance of a GA can depend closely on the parameters that control the rate of crossing and mutation [ 3 9] .  These parameters typically have to be tuned for each problem 
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separately. There are no values for the mutation or crossing rate that work equally well for all optimization problems. The results presented here used one set of parameter values for the GA. Some preliminary e xperimentation with varying some parameter values has shown marked differences in the performance of the GA in terms of the frequency at which improvements are made per generation. Exploring different parameter settings could lead to improved performance. On the other hand, only a limited amount of tuning may be justified for any particular problem before a completely different approach should be considered. The GA implemented only makes use of crossing and mutation, which are the most basic elements. A number of other biological phenomena have been included in genetic algorithms to increase efficiency. Transposition, in which a segment of an individual treatment plan is completely replaced by a copy from another part of the plan, has been applied to increase the efficiency of genetic algorithms. Transposition might involve copying the treatment from the first time step and placing it in one of the subsequent time steps, or copying treatment from one area to another. Diploidy has also been added to genetic algorithms. Each individual in the Lygodium model is represented by a single treatment plan. However, an individual can be represented by two plans, one of the plans being held as a silent copy. The two copies may be different, and which one is e xpressed can change from one generation to the ne xt. Diploidy can allow suboptimal solutions to persist until they are combined with another solution to become a better overall solution. Diploidy might be a mechanism by which the GA can temporarily bypass the effects of budgetary constraints to find better overall solutions. Some genetic algorithms also employ four way competition to improve model performance. This technique compares two treatment plans to the two new plans that result from crossing. All four plans are compared to each other and only the best two are passed along to the ne xt generation. This is different from the approach currently taken in this model, in which the crossed solutions are passed into the ne xt generation regardless of their fitness relative to their parental treatment plans. In addition to improving the GA, the basic model for the spread of Lygodium could also be improved. The parameter estimates, most notably the dispersal parameter, D, might be considered further. The patterns present in the spore data were weak. Analysis of this data set looked for a relationship between distance and spore count, correcting for the effects 
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of wind speed and direction, but residual unexplained variation was high (adj . r2 = 0.28) 
and the relationship between spore count and distance was weak (-0.85 spores/km). The 
estimated value for D was obtained by visually fitting the dispersal kernel through the 
few data points that were available and included a large dose of intuition about what the 
kernel should look like. Other model parameters, including the probability of infestation for 
uninfested and recovering islands, could also be refined. 
Communication with natural resource managers at Loxahatchee following the develop­
ment of the first version of the model indicated that a number of additional features would 
be important. The first is a model term that would account for the reinfestation of recover­
ing tree islands from dormant spores in the soil, since there are indications that the spores 
can persist for long periods in the environment [31]. The ability to consider the application 
of multiple treatment techniques in a single year would be benificial. For example, both 
fire and aerial spraying are being considered in addition to the cut-and-spray technique cur­
rently being used. These techniques have different costs per unit area, different efficacies, 
and different rates of non-target damage. 
The model currently assumes no interaction with areas outside Loxahatchee. A next 
step would be to extend the model to include these surrounding areas. Depending on the 
questions involved, this may not increase the complexity of the optimization. The areas 
outside of Loxahatchee are not under the control of Loxahatchee personnel and may receive 
no treatment or may be treated independent of actions in Loxahatchee. In this context these 
areas represent specific edge conditions. A larger model that examined the arrangement of 
treatment across management units would also be interesting. However, increasing the area 
over which spatial optimization is applied would require at least two kinds of changes to the 
model. First, the basic model equations are formulated for the infestation of tree islands, 
which are only found in certain areas of the Everglades. The model equations would have to 
be modified to accommodate the unbroken Lygodium habitat in other areas. Initial results 
from the GA also indicate that the spatial resolution of the model would potentially have 
to be increased to limit the complexity of the optimization problem. 
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4.5 Conclusion The genetic algorithm used in this model has not been successful at carrying out spatial optimization. The primary reasons for this are the size of the spatial model, and the effects of constraints. The spatial model used involved over 500 grid cells, larger than any other spatial optimization model of which I am aware. The constraints, in the form of a limited budget, also appeared to make it progressively more difficult for the genetic algorithm to find optimized solutions. While initial results are unsatisfying, the model is still relatively undeveloped and a number of modifications have been identified that could lead to better performance both in terms of computational efficiency and results. Future research based on this model will help reveal which techniques are best suited to spatial optimization problems and will define the limits of problem comple xity and size that can be effectively solved. When faced with computationally difficult problems, such as the spatial optimization problem in this model, there are two natural approaches to making the problem tractable. The first is to reduce the computational load by either simplifying the model or making the associated algorithms more efficient. A number of these have been outlined as potential future lines of research. The other approach is to increase the computational power applied to the problem, such as through the use of parallel computers. Producing a parallel version of a model has been a fruitful approach for a number of other ecological models [ 7 8, 114, 12 6]. Parallel computation is also a natural approach for genetic algorithms since they are embarrassingly parallel. The population of treatment plans that the GA sorts through each generation can be distributed across a number of computers to increase the speed with which each generation is processed. As this model stands, with over 500 grid cells and the current model parameters, the efficacy of parallel computation is questionable. Even compared to the prowess of the most powerful computers, the fraction of the total set of possible treatment that can be searched is vanishingly small. This is not to say that parallel computation will not play an important role in solving spatial optimization problems. If the basic model can be made more efficient, then parallel computation will magnify the effects of these improvements. But without these improvements, the ability of parallel computation to provide solutions substantially better than those obtained from serial computation seems uncertain. 
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There is also the possibility that a completely different approach to solving the op­
timization problem is more efficient. Approaches such as simulated annealing and tabu 
search [ 33] may be appropriate. Analytical approaches utilizing Pontryagin's Maximum 
Principle (PMP ) may be usefully modified for discrete problems. Numerical approaches 
based on PMP have already been applied to several spatial optimization problems [ 36, 61]. 
However, they have not been applied to large discrete problems and it is not clear whether 
or not this method will converge. 
The results from the quarantine treatment scenarios indicate that even without the op­
timization, the basic model for Lygodium spread can be helpful in identifying key quantities 
of interest to natural resource managers. In its current form, the model can accept any 
treatment scenario based on a single treatment technique and produce the resulting time 
series of spatial infestation distribution. This provides the unique capacity to explore dif­
ferent treatment scenarios. Summarizing results across scenarios can be used to identify 
important quantities such as the minimum budget required to contain an infestation, or de­
termine the relationship between the time required to eliminate Lygodium and the funding 
level of treatment. 
This model can also be applied to other invasive plant species. The meaning of the key 
model variables, Pi ( t ), Ii ( t )  and � ( t )  can be interpreted as the area, instead of numbers of 
tree islands, infested in each model cell. Following an appropriate reparameterization, the 
model can be applied to a range of other habitats and a range of other species. In addition, 
the basic model structure is drawn directly from epidemiology and with the appropriate 
reinterpretation and reparameterization the model could be applied to a number of different 
diseases. The overall model framewor k is not tied to raster representations of space. In 
particular, the relationship among the individual grid cells is user definable. Appropriate 
definitions can be developed to apply the model to a patch-based representation of space. In 
such a configuration the patches could be interpreted as individual hospitals, cities, counties, 
or other appropriate treatment units. 
Optimal spatial control will continue to be an interesting and important area of research. 
As it applies to controlling invasive species it is important because the cost of treatment can 
be high and funds are limited. This places a premium on maximizing the impact of available 
resources. As this paper points out, the optimization problem becomes very difficult as the 
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size of the spatial problem increases. However, large spatial problems are important for a number of reasons. Many invasive species cover large areas. In south Florida Lygodium currently covers more that 1,2 00 km2 and is projected to cover as much as 14, 8 00 km2 in Florida by 2 014 [ 122, 12 3] . In other parts of the United States, other invasives cover vast areas. For some of these invaders, elimination, or even control, may never be possible. But others can and have been controlled [ 32] . In these instances, modeling and optimization may be able to provide insights into how to best manage resources to address these problems. 
102 
Chapter 5 
Conclusion 
There is a slight inconsistency between the results for the succession model and those for the 
fire model. In particular, the fire model results for the three alternative hydrology scenarios, 
Cal/Ver, 2000Bl, and 2050Bl are shown only up to the year 1995, when in fact these data 
sets are available through 1999. This was an oversight on my part in which I inadvertently 
imposed the number of years for the older Cal/Val scenario on these alternatives. This 
does not invalidate the results, but simply omits results for the full temporal range of the 
alternative scenarios. 
The succession and fire models described here have been developed as part of the Across 
Trophic Level System Simulation (ATLSS) . The ATLSS project takes a multi-modeling 
approach that assesses the relative impacts of different restoration plans with respect to 
many different aspects of the Everglades ecosystem. For example, the relative effects of 
alternative hydrologic restoration scenarios can be evaluated for the Florida panther [12], 
wading birds [15] ,  and freshwater fish [34] . Such a multi-faceted approach is important 
because different species, populations or communities will react differently to a particular 
restoration plan. The succession model and the fire model described here extend the range of 
ecological phenomena that can be evaluated. This in turn provides a more comprehensive 
view of the potential impacts of restoration efforts and a quantitative basis for making 
trade-offs between different aspects of the system. The ability to quantify the trade-offs 
between different aspects of an ecosystem as large and complex as the Everglades is one of 
the benefits of taking a multi-modeling approach. 
The differences between the results from the succession and fire models for the three 
103 
hydrology scenarios compared, Cal/Ver, 2000Bl ,  and 2050Bl,  are important. The succession 
model indicated that the spatial and temporal differences between these scenarios was rather 
small. On the other hand, the fire model results showed a number of large and potentially 
important differences between the scenarios. The contrasting results and conclusions from 
these models highlight the importance of taking a multi-faceted approach to evaluating 
the potential effects of hydrologic restoration in the Everglades. No single aspect of the 
ecosystem provides a complete picture, and the effects on various distinct aspects of the 
ecosystem must be considered. The models provide a rational method to consider the 
complex linkages which occur between system processes across the heterogeneous landscape 
of south Florida. 
Another advantage of a multi-modeling approach is that the models are linked to each 
other, which allows an assessment of alternative restoration plans in terms of their indirect 
effects. For example, different hydrology scenarios result in different spatial patterns in 
the distribution of fires. Differences in the pattern of fires can result in differences in the 
distribution of vegetation. These differences in fires may reinforce or oppose differences in 
vegetation caused by changes in hydrology, or may outweigh hydrology effects altogether. 
Similarly, differences in the distribution of vegetation caused by different hydrologic scenarios 
may contribute to differences in the overall pattern of fires. The feedback between the 
succession and fire models provides a more comprehensive view of the effects of hydrology 
on both ecosystem components. 
The ongoing restoration efforts in the Everglades are supported by output from the South 
Florida Water Management Model (SFWMM) that represents new alternative hydrology 
scenarios. Providing a relative assessment of these scenarios is one of the primary future 
areas of research for the succession and fire models. In addition, a new hydrology model, 
the South Florida Regional Simulation Model (SF-RSM), is being produced by the South 
Florida Water Management District (SFWMD). One of the major differences between this 
model and earlier hydrology models is that space is represented by an irregular mesh, as 
opposed to the raster grid used in earlier models. Adapting the succession model to use 
hydrology data from the new hydrology model will be required to assess hydrologic plans 
and allow comparison of the impacts of plans derived from different hydrology models. 
The model results reported here are based on a 500x500 meter resolution grid. However, 
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the model can potentially be run at higher spatial resolutions, at least down to the limits of the Fl-GAP data, 3 0x 3 0 meters. There are three major issues that need to be addressed in producing model results at higher resolutions. First, higher-resolution hydrology needs to be produced. Second the fire model may need to be modified to include additional fire spread mechanisms. For e xample, fire spotting, the process of burning embers traveling beyond the fire front, may need to be included. At the 500x 500 meter resolution, spotting is less important since embers typically travel less that 500 meters [ 136]. However, at higher spatial resolutions such highly-localized processes are more important. The effects of dispersal are included in the succession model by limiting the potential future occupants of a disturbed cell to those in a small neighborhood of the cell. The model assumes that the neighborhood size is the same for all potential future vegetation types. That is, the model assumes that all seeds, regardless of the species, disperse the same distance. This assumption can be rela xed by incorporating dispersal neighborhoods that vary from one vegetation type to the ne xt. The succession model is currently limited to simulating the successional dynamics for the freshwater areas of the Everglades. However, this omits several important Everglades communities, most notably the e xtensive mangrove forests along the southern and western coasts of the Everglades. These communities have been e xcluded from this version of the model because appropriate hydrologic data were not available. A number of new hydrologic models will soon be available that include the area covered by the mangrove forests and other communities that e xist at the interface between the fresh water and marine environments. E xtending the model to include these areas is an important future direction for the model. In addition to hydrology, salinity is an important factor driving succession in these areas. E xtending the model to include the mangrove forests and similar communities will require an appropriate source of salinity data and modifications to the model to account for its effects on succession. The succession model does not currently include any vegetation types that represent non­native, invasive species. This is primarily the result of the limited representation these types have in the the Fl-GAP map. However, some of these types are e xcluded because the factors that are most influential in determining the distribution of these types are not included in the model. For e xample, S. terabinthifolia commonly occurs in areas where soils have been 
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disturbed by agriculture [26, 30) . Adding vegetation types that represent the invasive plants that are the most serious threat to the Everglades would allow an assessment of the relative impact of alternative restoration scenarios with respect to these species. Incorporating the invasive species would require the modification of the model to include the effects of appropriate human disturbances. Finally, the succession model could be e xpanded to include the effects of additional natural disturbances such as hurricanes and frost. These have not been included here in part because of the emphasis on the long-term, decadal scale dynamics of the system. Hurricane effects occur rapidly, but are generally superseded over longer periods of time. Since the two models are so closely linked to each other, many of the improvements to the succession model apply to the fire model. The fire model can be e xtended to include the mangrove forests and the model can be run at a higher spatial resolution. Changing the spatial resolution will potentially require the incorporation of spotting as an additional mechanism responsible for fire spread. The fire model is performing relatively well. There is good initial correspondence in the time series of area burned between the model projections and the estimates based on the fire data from the Everglades National Park (ENP ). The distribution of fire sizes produced by the model is similar in several aspects to the distribution based on the ENP fire data. However, these results also indicate the need for continued model development. The determination of the total area burned by hot fires made by the model is based on an empirical relationship that relates this quantity to the total area burned [ 129, 130). The distribution of areas burned by hot fires is determined at random. However, the spatial distribution of these fires probably corresponds to local environmental conditions such as soil moisture at the time of the fire ( 14, 26, 46, 72, 110] . The fire model could be improved by including a mechanism that determines the distribution of hot fires based on appropriate spatial variables. The invasive species model was used to e xamine the relationship between budgetary constraints and the ability to control L. microphyllum. For most budgets e xamined, the quarantine treatment plans resulted in better control of L. microphyllum than the opti­mized treatment plans. The only exception was the case of funding levels which allowed for complete treatment in the first time step of the model. In this case, the optimized treat-
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ment plans were similar to the quarantine treatment plans. I suggest that the relatively poor performance of the optimized treatment plans stems from two sources. First, the GA is only able to e xamine a tiny fraction of the enormous number of potential treatment plans. Second, the constraint used in the model is based on a linearly increasing penalty associated with budget overruns. This form of the constraint may make it difficult for the GA to move between local peaks in the objective function, inhibiting efficient optimization. There are two components of the invasive species control model that can be refined. First, a more efficient approach to solving the spatial optimal control problem needs to be implemented. The genetic algorithm used in the Lygodium model includes only the most basic elements of such an algorithm. In Chapter 4, a number of improvements commonly used in genetic algorithms are suggested. These improvements have the potential to increase the ability of the genetic algorithm to identify optimized treatment plans. They do not, however, guarantee success. An alternative approach is to apply the discrete version of Pontryagin's Maximum Principle [29]. This approach may not be any more successful since it is not clear whether or not such an approach will converge. There are also a number of other optimization techniques such as simulated annealing [ 62], a variety of direct search methods, [ 6 3] as well as numerical and linear programming techniques. The equations that describe the dynamics, objectives, and constraints may have to be modified to meet the assumptions of these techniques. Finding a more efficient approach to solving the optimization problem is important for answering a range of management questions. This includes questions such as how spatial heterogeneity affects the spatial and temporal arrangement of treatment as well as the overall ability to control an invasive. General questions, such as whether it requires more or less effort to control an invasive species in a patchy habitat relative to a more continuous habitat may be ad.dressed if a more efficient numerical control method were developed. E xperimenting with different optimization techniques could also lead to generalizations about the size of spatial control problems that can be handled by different techniques. The Lygodium model is currently designed to handle only cut-and-spray treatment. The model can be e xtended to e xamine the effects of integrated pest management. Integrated pest management involves using several treatment types at the same time and is the rec­ommended approach for handling invasive non-native plants in Florida [ 3 1] .  Individual 
107 
treatment practices for L. microphyllum include aerial spraying with herbicides (31 ] .  Each 
of these practices are associated with different costs, different rates of target mortality and 
different failure rates. Adding this capability to the model would allow examination of the 
relative tradeoffs in using different practices in space and time. 
The Lygodium model only includes the effect of treatment on the target invasive species. 
An important additional factor to consider is the effect of treatment on non-target species. 
For example, the application of herbicides can result in local mortality of the native plants. 
The importance of non-target damage may vary across space, depending on the level of 
infestation. Considering the effects of non-target damage can potentially change the spatial 
and temporal pattern of optimal treatment plans. In addition, different treatment techniques 
are likely to be associated with different levels of non-target damage. The cut-and-spray 
treatment technique included in this model is carried out by field crews. Herbicides are only 
applied to Lygodium below the point where it is cut. Aerial application of herbicides, on 
the other hand, cannot be so precisely targeted and can result in relatively more non-target 
damage. Incorporating differences among treatment techniques would allow the model to 
include tradeoffs between techniques. The model could then be used to examine how factors 
such as annual budget constraints influence the tradeoff between techniques. 
The models described here have been developed to address the restoration of the Florida 
Everglades. However, each of these models can be modified to allow them to be applied 
to other ecosystems or in other contexts. Modifications to the models fall into two basic 
categories. The first category involves deriving new parameter values for the model, without 
making any structural changes to the model itself. Reparameterization can allow the models 
to be applied to similar ecosystems or similar problems, where the dominant processes are 
sufficiently similar to those already implemented. The second category of changes involves 
changing the formulation of the model. That is, the functional relationships, interactions 
and other specific mechanisms incorporated in the model can be modified to reflect the 
details of a different ecosystem. The advantage of the models described here is that they 
are based on descriptions of local-scale processes. This compartmentalizes the changes that 
need to be made to the model. One set of local-scale processes can be traded for another. 
The higher-level modeling components need not be changed. The landscape-scale patterns 
that are of interest arise from the operation and interaction of the local-scale processes. 
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This is not to say that these models are infinitely fle xible. At some point conditions are sufficiently different that a different approach must be taken. However, through relatively modest changes, the model can be applied in conte xts beyond the Everglades. The succession and fire models can be applied to other wetland ecosystems through an appropriate reparameterization of the model. For e xample, the succession model could be applied to w�tland ecosystems in Louisiana. Applying the succession model to the Oke­fenokee prairies would also be appropriate. These wet prairies are similar to the Everglades in terms of the plant communities and ecosystem processes driving succession [ 16]. The basic framework used in the succession model can also be e xpanded to allow the model to be applied to non-wetland ecosystems. For example, the model could be applied to for­est ecosystems by adding the effects of factors such as aspect, slope, elevation or edaphic factors. Since the succession model takes a bottom-up approach to describing successional dynamics, only model components that represent local processes need to be modified. The higher level modeling components could be reused. In addition, the techniques developed to analyze model outputs could be reused. The L. microphyllum model could also be applied to a range of other invasive plant problems through a reparameterization of the model. Adjusting model parameters that control the dispersal and probability of colonization would allow the model to be applied to other invasive species in other parts of the world. In addition to reparameterizing the model, the basic model variables, I(t) , P(t) and R(t) would have to be interpreted differently. In the model described here, these variables are interpreted as the numbers of tree islands that are uninfested, infested with L. microphyllum, or are recovering following treatment. This interpretation is specific to the habitat found in Lo xahatchee. However, the interpretation of these variables can be generalized. For e xample, they can be interpreted as the area that is uninfested, infested with an invasive plant, or recovering from infestation following treatment. Such a generalization would potentially allow the model to be applied to a much wider range of invasive plants. The basic form of the L. microphyllum model is similar to many epidemiological models and the model could potentially be applied to some situations involving the spread and control of diseases. The model is only appropriate for epidemic models where the spread of the disease occurs on a time scale that is significantly faster than the rate at which hosts 
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enter and leave the population. This limitation arises from the assumption that the total number of infectable units is constant over time and because the model does not include a birth term. With these limitations in mind, the model could be appropriately parameterized to e xamine the role of spatial control for some infectious diseases. Modifying the model to include a simple birth process would not be difficult and would further e xtend the range of diseases to which the model could be applied. The lack of definitive results from the optimization in the L. microphyllum model sug­gest two future areas of research. First is to compare optimized results obtained from the model for a range of spatial resolutions. The results presented here indicate that at l xl km the optimization problem is too large for the genetic algorithm to handle efficiently. E xamining the model for a range of large grid cells could provide insight into the size of the problem that can be handled efficiently. Efficiency in the conte xt of this model refers to the amount of computation used relative to the estimated improvement in control of L. 
microphyllum. A second approach to evaluating the efficiency of the genetic algorithm is to attempt optimization using another technique. It would be interesting, for e xample, to e xamine the application of the discrete e xtension of Pontryagin's Ma ximum Principle to this model [94, 105). 
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Appendix A 
Chapter 2 Tables and Figures 
Table A.l : The percent cover a t  the end of the 19  year simulation period for the 20  vegetation types included in the model. Vegetation type Inde x Description 2 Tropical Hardwood Hammock Forma­tion 3 Semi-deciduous Tropical/Subtropical Swamp Forest 13 South Florida Slash Pine Forest 16 Mesic-Hydric Pine Forest Composi-tional Group 17 Swamp Forest Compositional Group 18 Cypress Forest Compositional Group 2 5  South Florida Slash Pine Woodland 2 8  Flooded/Saturated Broad-leaved Ev­ergreen/Mi xed Evergreen-Cold decid­uous 2 9  3 7  3 9  42 43 
Dry Prairie Ecological Comple x Saturated-Flooded Cold-deciduous shrubland Ecological Comple x Graminoid Dry Prairie Ecological Comple x Graminoid Emergent Marsh Composi­tional Group Sawgrass Marsh 
Hydrology Scenarios Cal Ver 2 000Bl 2 050Bl 0. 3 8 9 0. 401 0. 405 1. 82 1. 8 1  1. 8 1  3.2 9 3. 1 5 2. 6 7  0. 013 5 0. 0142 0. 019 0. 527 0. 503 0. 502 7. 6 6 5  7. 6 1  7. 4 8  0. 8 6 4  0. 8 6 9  0. 8 7  4 0. 16 4 0. 16 3 0. 16 7 
2. 58e- 05 5. 17e- 05 0. 000957 9. 72 9. 46 9. 57 0. 002 59 0. 002 59 0. 002 59 3. 95 3. 96 3. 8 4  49.2 50.5 51. 6 
continued on next page 
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Table A.l :  continued Vegetation type Hydrology Scenarios Inde x Description Cal Ver 2 000Bl 2 050Bl 44 Spikerush Marsh 0.6 92 0.7 17 0. 73 5 45 Muhly Grass Marsh 3.9 3.8 4 3. 4 8  4 6  Cattail Marsh Compositional Group 0.2 00 0.199 0.22 5 52 Sparsely Wooded Wet Prairie Compo- 0. 022 6  0.02 3 5  0.02 54 sitional Group 53 Dwarf Cypress Prairie 0. 6 6  0.6 45 0.6 32 56 Forb Emergent Marsh 0. 8 6 6  0. 8 72 0.72 0 57 Water lily or Floating Leaved Vegeta- 6.8 5 6.04 6.03 tion 
12 3 
Table A.2: A list of the parameters and variables for the vegetation succession model. Symbols 
i, j 
t 
X 
Description Indicies Vegetation type indicies. time index. spatial index. Vegetation parameters HP min ( i )  The shortest hydroperiod that vegetation type i can tolerate. HPmax (i ) The longest hydroperiod that vegetation type i can tolerate. H Ptrans (j) The annual probability that there will be a vegetation transition to type j. YSFmin (i ) The minimum number of years since last fire that vegetation type i can tolerate. YSFmax (i ) The maximum number of years since last fire that vegetation type i can tolerate. YSFtrans (YSF ) The annual probability of a vegetation transition from type i to type j as the result of increasing time since last fire. T P min ( i )  The minimum phosphorous concentration that vegetation type i can tolerate. T P max ( i )  The maximum phosphorous concentration that vegetation type j can tolerate. 
T Ptrans (j) The annual conditional probability that there will be a vegetation transition from type i to type j given that a fire has occurred. 
HP(x, t ) FT(x, t ) YSF(x, t )  TP(x, t ) 
p(i, j) 
ENV(i) 
q( i, j) 
Environmental variables The hydroperiod in cell x at time t. The type of fire that occurred in cell x at time t .  The number of year since the last fire in cell x prior to year t The total phosphorous concentration in cell x at time t .  Transition probabilities The probability that there will be a vegetation transition from veg­etation type i to vegetation type j during a single year. The function that determines whether or not the current vegetation type i can tolerate the current environmental conditions. The conditional probability of a transition from vegetation type i to type j given that type i can not tolerate the current environmental conditions, i.e. ENV(i) = 0 continued on next page 
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Symbols 
PENv (j) 
J(j) 
PHP(j) 
PHF(j) 
PYSF (j) 
Prp(j) 
Table A.2: continued Description The probability that vegetation type j can tolerate the current en­vironmental conditions. The fraction of neighboring cells that are occupied by vegetation type j .  The probability of a vegetation transition to type j as the result of changes in hydroperiod. The probability of a vegetation transition to type j as the result of a hot fire. The probability of a vegetation transition to type j as the result of an increase in the number of years since the last fire. The probability of a vegetation transition to type j as the result of a change in the TP concentration and the occurrence of a cool fire. 
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Figure A.1 :  A map of south Florida showing the location and extent of the succession model 
study area. The individual regions that make up the study area are shown in shades of green. 
The extent of the South Florida Water Management Model study area is outlined in red. 
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Next time 
step 
Update Hydrology 
Update Fires 
Update Nutrients 
Succession Model 
Start 
Using equation 2.2 ( which depends on 
equations 2.3 - 2.9) compute p(ij) for all 
vegetation types, j. 
Randomly select the next vegetation type 
based on the values of p(ij) 
Figure A.2: Flow chart illustrating the process of updating the succession model for a single 
year. · The model first updated the hydrology data, the fire data and the nutrient data. 
Updating the succession model is performed by repeating three basic steps for each 500x500 
meter cell. First the model uses (2.3) to determine whether or not the current vegetation 
type, i, will continue to occupy the current cell. If vegetation type i can tolerate the current 
hydrologic, fire and nutrient conditions, the model proceeds to the next 500x500 meter cell. 
If not, the model computes p(i , j) ,  based on (2 .2) , and (2.4 - 2 .9) , for all the vegetation 
types j .  Finally, the model selects the next vegetation type for the current cell based on the 
values of p( i, j) . 
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Figure A.3: The concentration of total phosphorous (TP ) in µg/(kg of soil ) as projected by the nutrient model in 19 8 1  and 1999. TP concentrations for 19 8 1  are shown in the top map, and concentrations for 1999 are shown in the bottom map. The concentrations are indicated by different colors, with dark blues associated with low concentrations, interme­diate concentrations shown in shades of yellow and orange, and the highest concentrations shown in red. 
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Figure A.4: A map of the nutrient inflow locations and the flow direction vectors used in 
the nutrient model. 
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Figure A.5: Three panel map comparing the distribution of sawgrass (Fl-Gap type 43) in 
1999 for the 2000Bl and Cal/Ver hydrologic restoration scenarios. 
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Figure A.6: Three panel map comparing the distribution of sawgrass (Fl-Gap type 43) in 
1999 for the 2050Bl and Cal/Ver hydrologic restoration scenarios. 
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Figure A.7: Three panel map comparing the distribution of sawgrass (Fl-Gap type 43) in 
1999 for the 2000Bl and 2050Bl hydrologic restoration scenarios. 
20008 1  200081 - CalVer v5 .0 CalVer v5.0 
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Figure A.8: Three panel map comparing the distribution of muhly prairie (Fl-Gap type 45) 
in 1999 for the Cal/Ver and 2000Bl hydrologic restoration scenarios. 
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Figure A.9: Three panel map comparing the distribution of muhly prairie (Fl-Gap type 45) 
in 1999 for the Cal/Ver and 2050Bl hydrologic restoration scenarios. 
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Figure A.IO: Three panel map comparing the distribution of muhly prairie (Fl-Gap type 
45) in 1999 for the 2000Bl and 2050Bl hydrologic restoration scenarios. 
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0 1 00 Figure A. 11: Three panel map comparing the distribution of cypress forest (Fl-Gap type 18 ) in 1999 for the Cal/Ver and 2 000Bl hydrologic restoration scenarios. 
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0 1 00 Figure A. 12: Three panel map comparing the distribution of cypress forest (Fl-Gap type 18 ) in 1999 for the Cal/Ver and 2 050Bl hydrologic restoration scenarios. 
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Figure A.13: Three panel map comparing the distribution of cypress forest (Fl-Gap type 
18) in 1999 for the 2000Bl and 2050Bl hydrologic restoration scenarios. 
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Figure A.14: Three panel map comparing the distribution of south Florida slash pine forest 
(Fl-Gap type 13) in 1999 for the Cal/Ver and 2000Bl hydrologic restoration scenarios. 
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0 1 00 Figure A.1 5: Three panel map comparing the distribution of south Florida slash pine forest (Fl-Gap type 1 3) in 1 999 for the Cal/Ver and 2 050Bl hydrologic restoration scenarios. 
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1 00 0 Figure A.1 6: Three panel map comparing the distribution of south Florida slash pine forest (Fl-Gap type 1 3 ) in 1 999 for the 2 000Bl and 2 050Bl hydrologic restoration scenarios. 
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Figure A.1 7 : Percent cover of sawgrass prairie (Fl-Gap type 43) over time for three hydro­
logic restoration scenarios. 
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Figure A.1 8: Percent cover of muhly prairie (Fl-Gap type 45) over time for three hydrologic 
restoration scenarios. 
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Figure A.19:  Percent cover of cypress forest (Fl-Gap type 18) over time for three hydrologic 
restoration scenarios. 
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Figure A.20: Percent cover of south Florida slash pine forest (Fl-Gap type 13) over time for 
three hydrologic restoration scenarios. 
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0 Figure A.2 1: Three panel map comparing the distribution of sawgrass (Fl-Gap type 43 ) in 198 1 and 1999 for the Cal/Ver hydrology scenario. 
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- 1 00 0 1 00 Figure A.22: Percent cover of sawgrass prairie (Fl-Gap type 43 ) in 1999 for the baseline and increased fire scenarios. 
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Figure A.2 3: Percent cover of sawgrass prairie ( Fl-Gap type 43) in 1999 for the baseline and 
decreased fire scenarios. 
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Figure A.2 4: Percent cover of muhly prairie ( Fl-Gap type 45) in 1999 for the baseline and 
increased fire scenarios. 
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0 Figure A.2 5: Percent cover of muhly prairie (Fl-Gap type 45) in 1999 for the baseline and decreased fire scenarios. 
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0 Figure A.26: Percent cover of cypress forest (Fl-Gap type 18 ) in 1999 for the baseline and increased fire scenarios. 
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0 50 1 00 -1 00 0 1 00 Figure A.27: Percent cover of cypress forest (Fl-Gap type 18 ) in 1999 for the baseline and decreased fire scenarios. 
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0 50 1 00 0 Figure A.2 8: Percent cover of south Florida slash pine forest (Fl-Gap type 13 ) in 1999 for the baseline and increased fire scenarios. 
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Figure A.29: Percent cover of south Florida slash pine forest (Fl-Gap type 13) in 1999 for 
the baseline and decreased fire scenarios. 
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Figure A.30: Total annual area burned under three fire scenarios. 
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Figure A.31 : Percent cover of sawgrass prairie (Fl-Gap type 43) over time for three fire 
scenarios. 
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Figure A.32:  Percent cover of muhly prairie (Fl-Gap type 45) over time for three fire sce­
narios. 
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Figure A.33: Percent cover of cypress forest ( Fl-Gap type 18 ) over time for three fire sce­
narios. 
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Figure A. 3 4: Percent cover of south Florida slash pine forest (Fl-Gap type 13) over time for 
three fire scenarios. 
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Figure A.3 5: Graph of the average hydroperiod for the Cal/Ver, 2 000Bl and 2 050Bl hy­drology scenarios. 
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Table B.1 :  Fire model parameter values. The value for H Pmin, H Pmax and Tr for each 
vegetation type were estimated from values reported in Wetzel [12 9]. Each vegetation type 
was assigned to one of five burn groups. Vegetation types with in a single burn group were 
assumed to have similar maximum probability of burning. The maximum probability of 
burning, Pmax for each vegetation type is listed in the sixth column. 
Vegetation Type HPmin HPmax Tr burn Pmax 
Index Description (days) (days) (years) group 
2 Tropical Hardwood Hammock Formation 1 0  45 1 0  hardwood 0.2 8 
3 Semi-deciduous Tropical/Subtropical Swamp Forest 6 0  1 8 0 1 0  hardwood 0.2 8 
1 3  South Florida Slash Pine Forest 0 6 0  4 pine 0.54  
16 Mesic-Hydric Pine Forest Compositional Group 30 6 0  1 0  pine 0.54  
I-' 1 7  Swamp Forest Compositional Group 12 0 2 90 1 0  hardwood 0.2 8 
1 8  Cypress Forest Compositional Group 2 00 340 1 0  hardwood 0.2 8  
2 5  South Florida Slash Pine Woodland 30 6 0  2 pine 0.5 4  
2 8  Flooded/Saturated Broad-leaved Ever- 12 0 1 50 2 pine 0.2 8 green/Mixed Evergreen-Cold deciduous 
2 9  Dry Prairie Ecological Complex 30 6 0  2 grass 0.7 8  
37 Saturated-Flooded Cold-deciduous shrubland 1 1 0 32 0 1 0  shrub 0.02 Ecological Complex 
39 Graminoid Dry Prairie 2 0  50 2 grass 0.7 8  
42 Graminoid Emergent Marsh Compositional Group 12 0 2 7 0  3 grass 0.7 8  
43 Sawgrass Marsh 1 30 36 5 5 grass 0.7 8  
44 Spikerush Marsh 1 50 300 3 grass 0.7 8  
continued on next page 
Table B . 1 :  continued 
Vegetation Type HPmin HPmax Tr burn Pmax 
Index Description (days) (days) (years) group 
45 Muhly Grass Marsh 60 120 3 grass 0.78 
46 Cattail Marsh Compositional Group 180 280 3 grass 0.78 
52 Sparsely Wooded Wet Prairie Compositional Group 60 120 3 grass 0.78 
53 Dwarf Cypress Prairie 120 150 4 grass 0.78 
56 Forb Emergent Marsh 230 365 3 grass 0.78 
57 Water lily or Floating Leaved Vegetation 330 365 5 aquatic 0 
Table B.2: Average percent time winds in south Florida blew in each of 8 headings. The 
r value used in equation 3.6 listed in the third column. Unpublished data (pers. com. B. 
Beckage) 
Heading Time (%) r _ Time - �  
NW 22.5 1.8 
w 14 1.12 
SW 45 3.6 
s 2.5 0.2 
SE 0.5 0.04 
E 0.5 0.04 
NE 10 0.8 
N 5 0.4 
Table B.3: Percent difference in total area burned, summed over space and time, between 
model results for the base-line parameter values and a set of alternative values. The total 
area burned is the result of summing the area burned over space and time. The base­
line parameter values are listed in Table B.1. Each alternative is based on increasing or 
decreasing the maximum burn probability, by either 10% or 20%, for a single group. 
%� Pgraas Phardwood Ppine 
+20% 19.0% 
+10% 9.45% 2. 14 % 0.5% 
-10% -9.62% -2.68% -0.91% 
-20% -21.03% 
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Figure B . 1 :  A map of south Florida showing the location and extent of the succession model 
study area. The individual regions that make up the study area are shown in shades of green. 
The extent of the South Florida Water Management Model study area is outlined in red. 
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Figure B.2 :  A graph of the relationship between hydroperiod and the probability of a cell 
burning Pb(i, t). 
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Figure B.3: A graph of the relationship between the time since the last fire and the value 
of Phits,v (/) .  
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Figure B.4: A graph showing the distribution of fires sizes for the Everglades National 
Park (ENP) fire data and the distribution produced by the fire model. The x-axis gives 
the bin midpoints. The y-axis has been ln transformed to make the differences between 
the histograms at large fire sizes more apparent. The last bin, labeled ">2800" contains 
all fires larger that 2800 ha in size. These distributions are significantly different (x2 test, 
x2 = 187.5, DOF = 8, p < 0.0001). 
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Figure B.5: Graph of annual area burned, in hectares, for the fire record from the Everglades 
National Park (green ) and the output from the fire model (blue ). Model output is based 
on the Calibration/Validation scenario of the SFWMM. Mean annual hydroperiod for this 
scenario is shown in red. 
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Figure B. 6 : Graph of annual area burned for five levels of Pma:1:,gra.ss, the probability of burning for 500x 500 meter cells occupied by one of the vegetation types in the grass burn group (see Table B. 1) .  Parameter levels are expressed in terms of the percentage increase or decrease from the fitted values (Nominal). Actual parameter values are shown in paren­theses. The levels are: +2 0% ( = 0. 93 6), + 10% ( = 0. 8 58 ), Nominal ( = 0. 7 8) ,  - 10% ( = 0.702 ) and -2 0% ( = 0. 62 4). 
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Figure B.7: Graph of annual area burned for three levels of Pmax,pine , the probability 
of burning for 500x500 meter cells occupied by one of the vegetation types in the pine 
burn group (see Table B.1 ) .  Parameter levels are expressed. in terms of the percentage 
increase of decrease from the fitted values (Nominal). Actual parameter values are shown 
in parentheses. The levels are: +10% ( = 0.594 ), Nominal ( = 0.54) and -10% (= 0.486 ) .  
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Figure B. 8: Graph of annual area burned for three levels of Pmax,hardwood , the probability 
of burning for 500x 500 meter cells occupied by one of the vegetation types in the hardwood 
burn group (see Table B.1). Parameter levels are expressed in terms of the percentage 
increase or decrease from the fitted value (Nominal ). Actual parameter values are shown in 
parentheses. The levels are: +10% ( = 0. 308 ), Nominal ( = 0. 28 ) and -10% ( = 0. 252 ). 
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Figure B.9: Graph of annual area burned for three levels of Pmin,graaa, the minimum prob­
ability of burning for 500x500 meter cells occupied by one of the vegetation types in the 
grass burn group (see table B .1 ) .  The model parameterization and other model results 
assume Pmin,grau = 0 (plotted in green) . This figure shows the results of assuming either 
Pmin,grass = 0.05 (plotted in red) or Pmin,grass = 0 .1  (plotted in blue). 
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Figure B. 10: Graph of the annual area burned for three levels of the lightning strike ef­ficiency. The model parameterization and other model results assume that i = 0. 1 as in equation 3. 4, plotted here in green. A higher lightning strike efficiency, i = 0.2 is plotted in blue and a lower lightning strike efficiency, i = 0. 01, is plotted in red. 
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Figure B .11 :  Graph of the annual area burned for three hydrology scenarios. Results for 
the Calibration/Verification scenario is shown in green, the 2000Bl scenario is shown in red 
and the 2050Bl scenario is shown in blue. 
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Figure B.12: Three panel map comparing the 198 4 distribution of area burned by fires for 
the Calibration/Verification and 2000Bl hydrology scenarios. This is an example of model 
results for a year with a relatively short average hydroperiod. 
200081 200081 - CalVer vS.O  Calver vs.a 
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Figure B.1 3: Three panel map comparing the 1988 distribution of area burned by fires for 
the Calibration/Verification and 2000Bl hydrology scenarios . This is an example of model 
results for a year with a relatively short average hydroperiod. 
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Figure B.14: Three-panel map comparing the 198 2 distribution of area burned by fires for 
the Calibration/Verification and 2000Bl hydrology scenarios. This is an example of model 
results for a year with a relatively long average hydroperiod. The long hydroperiod in this 
year results in low burn probabilities over much of the study area. The area burned by fires 
in this year is similar to that observed in other years with long hydroperiods. 
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Figure B.15: Three-panel map comparing the 1994 distribution of area burned by fires for 
the Calibration/Verification and 2000Bl hydrology scenarios. This is an example of model 
results for a year with a relatively long average hydroperiod. The long hydroperiod in this 
year results in low burn probabilities over much of the study area. The area burned by fires 
in this year is similar to that observed in other years with long hydroperiods. 
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Figure B.16: Three panel map comparing the 198 4 distribution of area burned by fires for 
the Calibration/Verification and 2050Bl hydrology scenarios. This is an example of model 
results for a year with a relatively short average hydroperiod. The short hydroperiods in 
this year results in high burn probabilities over much of the study area. The area burned 
by fires that results from the short hydroperiods is similar to that observed in other years. 
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205081 205081 - Calver vs.a Calver vs.a 
Difference 
-1 .0 0 1 .0 Figure B. 17: Three panel map comparing the 198 8 distribution of area burned by fires for the Calibration/Verification and 2 050Bl hydrology scenarios. This is an e xample of model results for a year with a relatively short average hydroperiod. The short hydroperiods in this year results in high burn probabilities over much of the study area. The area burned by fires that results from the long hydroperiods is similar to that observed in other years. 
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Figure B.18: Graph of the average hydroperiod for the Cal/Ver, 2000Bl and 2050Bl hy­
drology scenarios. 
170 
100000 
80000 
"$ 60000 
E = = 
f < 40000 
20000 
C"t.'b ..... C"t.'b'y C"t.� C"t.� C"t.'b" C"t.tt,b C"t.� C"t.'b'+, C"t.cf, � ,.s:,,. ..... _s:,,.fy ,.s:,,."'> C"t.ct ,.s:,,.', 
� � � � � � � � � ..... � �· �· �· �  �· 
Time (years) 
-- ENP 
-- FMod for Cal/Val v3.7 
-- FMod for Cal/Ver v5.0 
Figure B.19: Graphs of the annual area burned for the ENP fire data, model results based on the Cal/Val scenario from the SFWMM version 3. 7 and the Cal/Ver scenario from the SFWMM version 5.0. 
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• South Florida Slash 
Pine Forest (A-GAP 
type 13) (0.47%) 
• Cattail Marsh 
Compositional Group 
(Fl-GAP type 46) 
(Cover = 1.36) 
• Splkerush Marsh (A­
GAP type 44) ( Cover = 
1.0%) 
Muhly Grass Marsh (Fl­
GAP 45) (Cover = 
8.5%) 
o Cypress Forest 
Compositional Group 
(Fl-GAP type 18) 
(Cover = 13.2%) 
o sawgrass Marsh (Fl­
GAP type 43) (Cover = 
49.2%) 
Figure B. 20: The distribution of modeled fire sizes for six selected vegetation types. The 
types shown are : Sawgrass Marsh (Fl-GAP type 43), Cypress Forest Compositional Group 
(Fl-GAP type 18), Muhly Grass Marsh ( Fl-GAP type 45 ), Spikerush Marsh (Fl-GAP 
type 44), Cattail Marsh Compositional Group (Fl-GAP type 4 6 ), and South Florida Slash 
Pine Forest (FL-GAP type 13) [88]. The cover of each type in the Fl-GAP map is shown 
parenthetically. 
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Appendix C 
Chapter 4 Tables and Figures 
Table C. 1: List of paxameter names, vaxiable names and other symbols used to formulate the model. Symbol 
i , j 
�(t) 
Pi,j 
I 
Pi,j 
r 
N 
TJ 
r/ 
Description Spatial grid cell indices time index The number of uninfested tree islands in grid cell i at time t .  The number of tree islands infested with L. microphyllum in grid cell i at time t. The number of tree islands from which L. microphyllum is removed through treatment in grid cell i at time t .  The number of tree islands in grid cell i at time t that were infested, were treated and are now recovering. The probability that a single uninfested tree island in i will become infested as the result of spores axriving from an infested tree island in cell j during a single time step. The probability that a single recovering tree island in i will become infested as the result of spores axriving from an infested tree island in cell j during a single time step. The probability that a single recovering tree island will recover sufficiently to return to the uninfested state. The total number of tree islands in Loxahatchee. The probability that a single spore will result in an infestation on a single uninfested tree island. The probability that a single spore will result in an infestation on a single recovering tree island. The average tree island size in cell i. 
continued on next page 17 3 
Table C. 1: continued Symbols Description SST R The average tree island size in Lo xahatchee. ST R The average number of spores produced during a single time step by an infested tree island of average size, SST R. n An integration constant. D The dispersal kernel shape parameter. m( i, j) The standard euclidean distance between the centers of cell i and cell j. c a scaling factor that reduces the weight of treatment in determining the value of the objective function ( 4. 8). 
Budget(t) The funds available for treatment in time step t. 
CPA The cost of treatment per unit area. 
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Year = 2000 
Year = 201 2 
Area Enlarged 
Year = 2004 
Year = 2016  
Number of infested 
tree islands 
- 1 -1 3  CJ 66 - 86 
1 3  - 28 D 86 - 1 06 
28- 48 
48 - 66 
1 06- 1 29 
1 29 - 1 54 
Year = 2008 
Year = 201 9  
Figure C.1: Selected maps showing the modeled time series of increasing L .  microphyllum 
distribution in Loxahatchee over the period from 2000 to 201 9. The number of infested 
islands in each lxl km cell is indicated by color. Greens indicate the smallest number 
of infested islands, yellow and oranges indicate intermediate numbers and reds indicate the 
largest number of infested islands. Uncolored cells have no infested tree islands. The outline 
of Loxahatchee is shown in black for reference. 
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Figure C.2: Plot of the total modeled number of tree islands infested with L. microphyllum 
from 2 000 to 2 019. 
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Treatment 
plan 
( C(t) ) 
Number of 
infested island 
( I (t) ) 
200 1 2002 
Area enlarged 
2003 2004 
Number of treated/infested tree islands 
- 1 - 13 LJ 66 · 86 - 154 - 181 
- 13 - 28 D 86 - 106 - 181 - 21s 
- 28 - 48 106 - 129 
48 - 66 129 - 1 54 
Figure C.3: Distribution of optimized treatment and infestation from 2001 to 2004 based on 
a $5 .68M annual treatment budget. This funding level is sufficient to eliminate the entire 
Lygodium infestation in 2001. Number of tree islands to treat is shown in the top four 
maps. The lower four maps show the number of infested tree islands that result from the 
application of the treatment plan shown in the top four maps. In each map, the number 
of islands to treat or that are infested are indicated by the color of each lxl km cell. 
Greens indicate a small number of tree islands should be treated or are infested, yellows 
and oranges are associated with intermediate numbers and reds are associated with large 
numbers. Grid cells in which no tree islands are treated or infested are not colored. The 
outline of Loxahatchee is shown in black for reference. 
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Treatment 
plan 
( C(t) ) 
Number of 
infested tree 
islands 
( l (t) ) 
Number of treated/infested tree islands 
- 1 - 13 LJ 66 - 86  - 1 54 - 181 
- 13 . 2a D as - 1 06 - 1 81 - 21s 
28 - 48 D 106 - 12a 
D 48 - 66 12a - 154 
2003 2004 
Figure C.4: Distribution of optimized treatment and infestation from 2001 to 2004 based 
on a $2.8M annual treatment budget. Number of tree islands to treat is shown in the 
top four maps. The lower four maps show the number of infested tree islands that result 
from the application of the treatment plan shown in the top four maps. In each map, the 
number of islands to treat or that are infested are indicated by the color of each lxl km cell. 
Greens indicate a small number of tree islands should be treated or are infested, yellows 
and oranges are associated with intermediate numbers and reds are associated with large 
numbers. Grid cells in which no tree islands are treated or infested are not colored. The 
outline of Loxahatchee is shown in black for reference. 
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Figure C.5: Distribution of optimized treatment and infestation from 2 001 to 2 004  based 
on a $1. 4M annual treatment budget. Number of tree islands to treat is shown in the 
top four maps. The lower four maps show the number of infested tree islands that result 
from the application of the treatment plan shown in the top four maps. In each map, the 
number of islands to treat or that are infested are indicated by the color of each lxl km cell. 
Greens indicate a small number of tree islands should be treated or are infested, yellows 
and oranges are associated with intermediate numbers and reds are associated with large 
numbers. Grid cells in which no tree islands are treated or infested are not colored. The 
outline of Loxahatchee is shown in black for reference. 
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Figure C.6: Number of infested tree islands vs. time. Each plot shows the number of 
infested tree islands that results from applying the optimized treatment plan obtained from 
the model for a range of funding levels. 
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Figure C. 7: Cumulative average percentage of generations in which the genetic algorithm 
finds improvements vs. number of generations for the range of budgets examined. 
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Figure C.9: A plot of the ratio of the final number of infested tree islands over the initial 
number of infested tree islands (!(year = 2 004)/I(year = 2000) )  vs. budget. Ratios for 
quarantine treatment are shown in red and those for the optimized, GA-derived, treatment 
plans are shown in blue. 
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Figure C. 10: Plot of the ratio of the total number of infested tree islands for quarantine 
treatment to the total number for optimized treatment for a range of budgets. The totals 
for each budget are the sum of the number of infested islands over space and time. 
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Figure C.11 :  Distribution of quarantine treatment and infestation from 2001 to 2003 based 
on a $2.8M annual treatment budget. Number of tree islands to treat is shown in the top 
three maps. The lower three maps show the number of infested tree islands that result from 
the application of the treatment plan. In each map, the number of islands to treat or that 
are infested are indicated by the color of each lxl km cell. Greens indicate a small number 
of tree islands should be treated or are infested, yellows and oranges are associated with 
intermediate numbers and reds are associated with large numbers. Grid cells in which no 
tree islands are treated or infested are not colored. The outline of Loxahatchee is shown in 
black for reference. 
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Figure C.12: Maps of the Systematic Reconnaissance Flights (SRF ) data representing the 
distribution of L. microphyllum infestation within Loxahatchee for the year 2000 and 2002. 
The left hand figure shows the SRF data collected in 2000. Each cell in this map is 499x 8 32 
meters in size (nominally 102 acres ). Each cell is classified as one of five classes representing 
different levels of cover by L. microphyllum: 0% cover, 1- 25% cover, 26- 50% cover, 51- 7 5% 
cover and 76-100% cover. The cover class for each cell is indicated by color. The right hand 
map shows the SRF data collected in 2002. Each cell in this map is lxl km in size. Each 
cell is as containing either 0% cover, 1- 50% cover or 51-100% cover by L. microphyllum. 
The cover class for each cell is indicated by color. 
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